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Effective Algorithms of the RI Approximation for the CIS Method:
an Example of Application of the High-Memory Strategy
in the Ab Initio Calculations
Maksim D. Zhukov1 , Ilya O. Glebov1

c© The Authors 2026. This paper is published with open access at SuperFri.org

Two variants of the CIS methods with the RI approximation have been implemented. Both
methods employ the high-memory strategy: the first, RI-CIS(1), is based on the full storage
of the decomposed electronic repulsion integrals (ERI) tensor and CIS Hamiltonian, while the
second, RI-CIS(2), stores only the decomposed ERI tensor. Both variants of the RI-CIS were
tested for parallelism, performance, and precision. The results are compared with the default CIS
method and RIJCOSX approximation. The considered methods demonstrate higher performance
compared to their analogs and higher precision compared to the RIJCOSX approximation. Even
the worse scaling of the RI methods did not lead to the lower performance in the conducted
test calculations. The reported algorithms show that the performance of the quantum chemistry
calculations is limited not only by the CPU power but also by the availability of RAM. The large
volume of available memory can significantly increase the speed of the calculation by employing
more effective but memory-consuming algorithms.

Keywords: Configuration interaction, resolution of identity, ab initio, electronic repulsion in-
tegrals, Davidson diagonalization.

Introduction
Configuration interaction (CI) methods [1] are key approaches for the electronic structure

calculations, especially in the cases of strong electronic correlation. These methods are used for
calculation of the excited states in the modeling of photochemical reactions and calculations of
the electronic spectra. However, the computational costs of these methods rapidly grow with the
increase of the excitation number and active space size. This fact limits the applicability of the
CI methods for the large molecular systems without any additional approximations.

Configuration interaction with single excitations (CIS) is the simplest method within the
framework of CI theory. It can be considered as the extension of the Hartree—Fock methods for
the description of the excited states by taking the single electronic transition into consideration.

The CIS method does not take into account double and higher excitations and, thus, gives
lower precision for systems with a strong electronic correlation and a high contribution of birad-
ical configurations. However, it is a helpful tool to achieve the preliminary information for the
calculations with more complicated methods, especially in case of large molecules. The TD-DFT
method [2] uses similar basics and has the same limitations but can achieve higher precision if the
proper exchange-correlation functional is chosen. Both of these methods are useful for the sim-
ulations of large systems due to their numerical efficiency (calculation time grows only O(N4)).
However, the performance of these methods can be further increased if approximations such as
Cholesky Decomposition (CD) [3] and Resolution of Identity (RI) [4] are used. Currently, the
attention of quantum chemical software developers is focused on the more complicated advanced
methods, while the simpler ones are undeservedly forgotten because their optimization seems un-
necessary. For instance, the implementation of the restricted Hartree—Fock (RHF) method with
the RI approximation was not optimal in the frequently used quantum chemical packages until
recently [5], despite the theoretical background being well-known [6]. The realization of CIS in
1Chemistry Department, Lomonosov Moscow State University, 1-3 Leninskie Gory, Moscow, 119991, Russia
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the ORCA package [7, 8] contains the RI only for the Coulomb contribution (RIJ), while the
exchange term can be simplified only with the chain of spheres (COSX) [9] approximation. The
previous successful realization of the RI-RHF method encouraged us to perform a similar job for
other basic quantum chemical methods, such as CIS.

The most time-consuming part of the CIS calculations, like that of most other quantum
chemical methods, is the calculation of electronic repulsion integrals (ERI). The obvious way is
to calculate them, store in memory and use in the iterative calculation cycles. However, the total
amount of ERIs is N4

AO (where NAO is the number of atomic orbitals), which is too high to be
stored for any practically valuable calculation. The use of the symmetry of the ERI tensor and
different techniques that avoid storing negligibly small ERIs do not solve this problem. Thus, the
direct method, which is based on the recalculation of ERI at each iteration, was proposed [10].
However, this approach leads to a significant increase in calculation time due to the multiple
recalculations of ERIs.

The approximations based on the ERI tensor decomposition, such as CD [3] and RI [4], can
reduce both computational cost and memory requirement of the calculation. They are successfully
applied to boost methods such as RHF [5], MP2 [11], CASPT2 [12], CCSD [13], and many others.
The possibility to store the decomposed ERI tensor helps to avoid multiple recalculations of the
most time-consuming parts of the calculation. It should be noted that memory required for storing
the CIS Hamiltonian is comparable to that required for the decomposed ERI tensor. Thus, the use
of modern computers makes the application of high-memory algorithms possible, and no direct
method with multiple recalculations of data is really needed in the present time.

Two variants of the CIS method with the RI approximation are presented in the article:
• the first one with storing both RI-ERI tensor and CIS Hamiltonian in RAM;
• the second one with storing RI-ERI tensor and without storing CIS Hamiltonian in RAM.

The paper is organized as follows: first, the basic CIS theory and the modifications needed for
the RI approximation are discussed; then, the testing objects are presented, and the details of the
calculations are provided; finally, the results of the benchmark calculations and the comparison
of different algorithms are shown.

1. Theory
1.1. CIS Method

The CIS wavefunction is constructed as a linear combination of the configuration state func-
tions (CSF) formed as all the possible single excitations of the ground state RHF wavefunction:

|ΨCIS〉 =
occ∑

i

virt∑

a

Ca
i |Φa

i 〉 =
occ∑

i

virt∑

a

Ca
i ·

1√
2

(a†aαaiα + a†aβaiβ)|Φ0〉, (1)

where a†aα and aiα are the creation and annihilation operators corresponding to the addition of
the electron with α spin to the a-th virtual orbital and the removal of the electron with α spin
from the i-th core orbital. Hereinafter, indices i, j, k, and l are used for the core subspace; a and
b for the virtual; and p, q, etc. for any of them.

The coefficients Ca
i of the decomposition of the CI wavefunction |ΨCIS〉 by the CSFs |Φa

i 〉
can be found by solving the linear variational problem – CI Hamiltonian diagonalization. The
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Hamiltonian matrix elements can be found as:

Hijab = 〈Φa
i |Ĥ|Φb

j〉 =





2(ai|bj)− (ab|ij), a 6= b, i 6= j

Fab + 2(ai|bi)− (ab|ii), a 6= b, i = j

−Fij + 2(ai|aj)− (aa|ij), a = b, i 6= j

Faa − Fii + 2(ai|ai)− (aa|ii) + Ecore, a = b, i = j

, (2)

where (ai|bj) is the electronic repulsion integral (3), Fpq is the element of the Fockian matrix (4),
Ecore is the core energy containing the internuclear repulsion Vnn, the diagonal elements of the
one electron Hamiltonian (ĥ) in the core subspace, Coulomb and exchange integrals (5):

(ai|bj) =
∫∫

ϕi(r1)ϕa(r1) · ϕj(r2)ϕb(r2)
|r1 − r2|

dr1dr2 ; (3)

Fpq = hpq +
∑

k∈core

[
2(pq|kk)− (pk|qk)

]
; (4)

Ecore = Vnn + 2
∑

k∈core
hkk +

∑

k,l∈core

[
2(kk|ll)− (kl|kl)

]
. (5)

The full diagonalization of the Hamiltonian matrix is a very time-consuming task. However,
only a small number of the lowest eigenvalues is needed because most of the higher eigenvalues do
not have any physical meaning. Lowest eigenvalues can be found using the Davidson algorithm
[14, 15], which does not require the full storage of the Hamiltonian matrix H. Only the procedure
of multiplication of the trial vector by the matrix is needed:

H|Ψn〉 =
∑

J

dnJ |ΦJ〉 =
∑

J

[∑

I

CnIHIJ

]
|ΦJ〉 =

∑

I,J

CnIHIJ |ΦJ〉, (6)

where matrix elements HIJ can be calculated “on the fly”. At first, the ERIs in the atomic orbital
basis (αβ|γδ) are calculated. Then they are used to calculate ERIs for the molecular orbitals
(pq|rs). Finally, the matrix elements HIJ are calculated (2) and used for the multiplication (6).
The Hamiltonian matrix can be stored in case of small molecules or large amount of available
RAM. It requires storage of n2

c · n2
v elements (nc and nv are the numbers of core and virtual

orbitals). However, in any case, the calculation of (αβ|γδ) is needed. The ERI tensor containing
N4

AO elements can not be stored in RAM for any valuable calculation. The recalculation of (αβ|γδ)
on each iteration significantly increases the computational time, which is an inevitable cost of
avoiding storage of the integrals.

1.2. Resolution of Identity (RI) Approximation

The resolution of identity approximation [6], which is also called Density Fitting (DF), is
widely used to speed up the ERI calculation. This approach gives two significant advantages.
First, it reduces the scaling of the calculations from O(N4) to O(N3) due to the change of the
four-center integrals to the three-center ones. Second, it reduces the memory requirements and
makes the recalculation of the ERIs at each iteration unnecessary [5].

The key idea of RI is to use the approximation of the product of two basis functions (pair
density) as a linear combination of functions from the auxiliary basis set {ρµ(r)}:

M.D. Zhukov, I.O. Glebov
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ρij = χi(r)χj(r) ≈ ρ̃ij =
∑

µ

Cij
µ ρµ(r), (7)

where {ρµ(r)} is a special set of auxiliary basis functions that has the dimension higher than
the dimension of atomic orbital basis but significantly lower than the number of pair products
χi(r)χj(r) (Naux ≈ 3NAO ÷ 5NAO). Cij

µ coefficients are determined by the minimization of the
approximation error. The most suitable for ERI is RI-V or Coulomb fitting, which is based on the
minimization of the Coulomb self-repulsion of the density difference:

∆ij =
∫∫ [

ρij(r1)− ρ̃ij(r1)
][
ρij(r2)− ρ̃ij(r2)

]

|r1 − r2|
dr1dr2 =

= (ρij − ρ̃ij |ρij − ρ̃ij) = ‖ρij − ρ̃ij‖2 → min; (8)

∥∥∥∥∥χi · χj −
∑

µ

Cij
µ ρµ(r)

∥∥∥∥∥ → min . (9)

This is a standard problem of linear algebra that leads to a system of equations:

∑

µ

Cij
µ (ρk|ρµ) = (ρk|χiχj) ⇔

∑

µ

VkµC
ij
µ = (ij|k), (10)

where (ij|k) is the three-center integral (11) containing one auxiliary and two orbital basis func-
tions; Vkµ is the two-center coulomb integral (12) of two auxiliary functions:

(ij|k) =
∫∫

χi(r1)χj(r1) · ρk(r2)
|r1 − r2|

dr1dr2 ; (11)

Vkµ =
∫∫

ρk(r1) · ρµ(r2)
|r1 − r2|

dr1dr2. (12)

The solution of eq. (10) is the following:

Cij
µ =

∑

k

(V −1)µk(ij|k). (13)

The substitution of (7) into the (αβ|γδ) gives:

(αβ|γδ) = (χαχβ|χγχδ) ≈
(∑

µ

Cαβ
µ ρµ

∣∣∣∣∣
∑

ν

Cγδ
ν ρν

)
=
∑

µ,ν

Cαβ
µ Cγδ

ν (ρµ|ρν) =
∑

µ,ν

Cαβ
µ Cγδ

ν Vµν . (14)

The further substitution of coefficients Cij
µ (13) in (14) leads to:

(αβ|γδ) ≈
∑

µ,ν

[∑

k

(V −1)µk(αβ|k)
]
Vµν

[∑

l

(V −1)νl(γδ|l)
]

=

=
∑

k

∑

l

[
(αβ|k)(γδ|l)

∑

µ,ν

(V −1)µkVµν(V −1)νl
]
. (15)

V is a symmetric, positive definite matrix, so the same is true for V −1, and:
∑

µ,ν

(V −1)µkVµν(V −1)νl = (V −1)kl . (16)
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Thus, the four-center ERIs can be expressed through two- and three-center integrals as follows:

(αβ|γδ) ≈
∑

k,l

(αβ|k)(V −1)kl(l|γδ). (17)

The precision of the resulting RI approximation depends on the quality of the auxiliary basis
set {ρµ}. These sets are specially optimized for the exact representation of the pair densities
ρij(r) and their Coulomb interactions. There are standard auxiliary basis sets specially designed
for the calculations with the particular orbital basis sets (e.g., cc-pVXZ-RI [6], def2/JKFIT,
def2/RIFIT [16]). The calculation error is negligible if the appropriate auxiliary basis set is used,
but it can also be reduced by taking a larger auxiliary basis set.

1.3. RI-CIS Variants

A series of testing calculations using the CIS method with the RI approximation was con-
ducted. The Davidson diagonalization [14, 15] was used to solve the variational CI problem. Two
different implementations of the RI-CIS method based on the mentioned above formulae were
realized. These two methods employ different strategies for the calculation and storage of the
HCIS matrix:

1) The first one rejects the recalculation of the Hamiltonian on the fly and employs storage of
the full Hamiltonian matrix. Let us call it RI-CIS(1). Despite the fact that this method can
be inapplicable for the large systems where the Hamiltonian storage is impossible, it must
have higher performance for the smaller systems.

2) The second variant is a direct RI-CIS where the Hamiltonian matrix is recalculated on the
fly during each Davidson iteration. However, it is not a commonly used direct CI because the
three-center ERI tensor is stored but not recalculated. Let us call it RI-CIS(2). This approach
must be less effective than RI-CIS(1) for the small molecules, but it would be the only choice
if the HCIS can not be stored in memory.

Each of the considered algorithms leads to the reduction of the number of operations and
calculation time, that can be different for different size of molecule and used basis set. Thus, the
more efficient algorithm can be determined only by the testing calculations.

2. Computational Details
Both reported algorithms RI-CIS(1) and RI-CIS(2) were implemented in the NOPT – the

author’s software written in C++ for the calculation of the Non-Orhogonal CI [17] and its ex-
tension by the Perturbation Theory [18, 19] (available upon request from the authors). It was
compiled with the Libint [20] library version 2.9.0 for the atomic integrals and BLAS for the
matrix multiplications. Both algorithms were then tested for accuracy, performance, parallelism,
and scaling.

The benchmark calculations were done using the ORCA 5.0.3 [7, 8] package. The approxima-
tion error was estimated by the comparison with the default variant of CIS, and the performance
was compared with the CIS in the RIJCOSX approximation. The comparison was performed for
the calculation of the same molecule using the same basis set.

The testing calculations were performed for the polyene molecules C2H4, C4H6, C6H8, C8H10,
C10H12 with the correlation consistent basis sets cc-pVnZ (n = D, T, Q) and their analogs aug-
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mented by diffuse functions aug-cc-pVnZ. The corresponding auxiliary basis sets (cc-pVnZ-RI and
aug-cc-pVnZ-RI) were taken for the RI approximation. All the basis sets were downloaded from
the Basis Set Exchange database (BSE) [21–23]. The structures of all the molecules were taken
to be planar, all double C=C bonds were in the trans configuration, and all single C–C bonds
were in the s-trans-conformation. All the angles were 120◦, and the bond lengths of C–H and two
types of C–C were taken from the butadiene microwave geometry [24]. The structure of C10H12

is shown in Fig. 1.
All the testing calculations were carried out on the computer with two central processors Intel

Xeon E5-2697 v3 with 2.60 GHz frequency and 14 cores per CPU. The computer had 196 GB of
RAM, which was sufficient for all the calculations.

Figure 1. Structure of C10H12. Image was made using wxmacmolplt software [25].
Carbon atoms are black, hydrogen atoms are gray. Two different types of C–C bonds

are drawn as single and double

3. Results and Discussion
3.1. Accuracy Tests

The tests of the accuracy of the excitation energies calculated by RI-CIS and RIJCOSX-CIS
were conducted by comparing of the 10 lowest values calculated for the polyene molecules with the
values calculated by default CIS. The excitation energies calculated by both variants of RI-CIS
are equal; the deviation of ∼ 10−8 Hartree is caused by the numerical error and can be con-
sidered negligible. The maximum deviations for the excitation energies calculated for C2H4 and
C10H12 with different basis sets by different approximate CIS methods are given in Tab. 1. The
RIJCOSX-CIS was used with two variants of the grid: DefGrid2 and DefGrid3.

These deviations in the excitation energies show that the error of the RI approximation
decreases with the increase of the basis set, especially with the augmentation. At the same time,
the RIJCOSX error is higher than the RI error for small molecules. The use of the DefGrid3 does
not significantly increase precision. The increase of the basis set in the cc-pVnZ series does not
affect the RIJCOSX error, while the augmentation leads to larger errors. Both approximations
show a decrease in error with the increase in molecule size. In the case of large molecule and
compact basis set, the errors are similar for RI and RIJCOSX.

The decrease of the RIJCOSX error with the increase in the molecule size is probably caused
by the method of grid construction. The grid points are generated around the atoms. The electronic
density for the large polyenes is delocalized along the chain of the conjugated carbon bonds, while
the density for the small polyenes is more delocalized in the orthogonal direction. Thus, the

Effective Algorithms of the RI Approximation for the CIS Method ...
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Table 1. Errors of the excitation energies of different molecules
calculated by different methods with different basis sets

Molecule Basis set
∆, cm−1

RI-CIS
RIJCOSX-CIS

DefGrid2 DefGrid3

C2H4

cc-pVDZ 104.0 173.7 155.8

aug-cc-pVDZ 18.8 278.3 255.6

cc-pVTZ 30.1 155.5 186.9

aug-cc-pVTZ 24.6 242.4 252.6

cc-pVQZ 15.1 162.4 189.6

aug-cc-pVQZ 21.6 236.9 244.6

C10H12
cc-pVDZ 60.9 75.6 70.2

aug-cc-pVDZ 13.1 113.5 93.2

localization of the grid points better fits electronic density for the larger polyenes, and the energy
errors become lower.

The deviations of the excitation energies of C2H4 and C10H12 calculated by RI-CIS and
RIJCOSX-CIS with DefGrid2 and DefGrid3, as a function of the state number, are presented in
Fig. 2. The figure shows that the RIJCOSX error depends significantly on the electronic state,
and the picture is the same with any basis set. Contrarily, the RI error is significantly smaller if
a larger and more diffuse basis is used.

3.2. Performance Tests

A series of calculations with the standard and approximate variants of the CIS method was
carried out. The analysis of the total computational time and the time of one Davidson iteration as
a function of molecule size (the number of carbon atoms) and basis set dimension was performed.
The use of different convergers and initial CIS guesses in ORCA and NOPT resulted in a different
number of iterations. However, the number of iterations also depends on the convergence criteria,
which can vary in different situations. So, the most representative parameter is the time per
iteration, and all the following comparisons are based on this value.

3.2.1. Parallelism test

The parallelism tests were performed for all the considered CIS methods by the calculations
of the C10H12 molecule with the cc-pVDZ and aug-cc-pVDZ basis sets using different numbers of
threads. The results are presented in Fig. 3.

Similar slopes of the curves indicate that all the considered methods have a similar parallelism
efficiency. This is true for both compact and augmented basis sets. The efficiency decreases with
the increase in the number of threads for all methods. However, this decrease is lower for the
CIS(2), and it becomes faster than CIS-RIJCOSX with DefGrid3.
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Figure 2. Error of the excitation energy calculated by the approximate CIS methods
as a function of the number of state (∆En = Eappr.CIS

n − ECIS
n )
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Figure 3. Dependence of the time per iteration t on the number of threads Nth

with different CIS variants. Axes are in the logarithmic scale

The quantitative characteristic of parallelism efficiency can be obtained by fitting the shown
curves by the equation:

t ∼ N−αth . (18)
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α and R2 of the fitted curves are given in Tab. 2. The fitting is done for two intervals Nth ∈ [1; 14],
where only one CPU can be engaged in the calculation, and Nth ∈ [1; 28], where both CPUs are
engaged at the last point.

Table 2. The fitted α and R2 of the equation (18) for the calculations of the C10H12

with cc-pVDZ and aug-cc-pVDZ basis sets

Basis set cc-pVDZ aug-cc-pVDZ

Method
Nth ∈ [1; 14] Nth ∈ [1; 28] Nth ∈ [1; 14] Nth ∈ [1; 28]

α R2 α R2 α R2 α R2

RI-CIS(1) 0.840 0.997 0.772 0.988 0.925 0.999 0.799 0.967

RI-CIS(2) 0.959 0.999 0.904 0.994 0.946 0.998 0.881 0.991

CIS 0.892 0.998 0.850 0.995 0.891 0.997 0.827 0.990

RIJCOSX-CIS
DefGrid2 0.807 0.992 0.712 0.971 0.820 0.993 0.714 0.966

RIJCOSX-CIS
DefGrid3 0.861 0.996 0.783 0.984 0.873 0.995 0.768 0.972

3.2.2. Scaling test (basis set)

A series of test calculations was carried out for the C2H4 molecule with cc-pVnZ and
aug-cc-pVnZ (n = D, T, Q) basis sets using different variants of the CIS method. The depen-
dence of the time per iteration on the number of basis functions was analyzed. The results are
shown in Fig. 4.
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Figure 4. Dependence of the time per iteration t on the basis set dimension Nb for C2H4

calculated with Nth = 1. Axes are in the logarithmic scale

The figure shows that both RI-CIS methods demonstrate higher performance for any of the
considered basis sets, with RI-CIS(1) having the highest one. The RIJCOSX methods are slower
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than RI for the considered molecule, and the use of the denser grid (DefGrid3) leads to a decrease
in performance compared to that with DefGrid2. The default CIS method is slower than any
approximate variant.

The dependence of the calculation time per iteration on the dimension of the basis set was
fitted with the function:

t ∼ Nβ
b . (19)

The fitted β and R2 parameters of equation (19), presented in Tab. 3, demonstrate that, despite
the higher performance, RI-CIS methods have worse scaling compared to RIJCOSX. The better
scaling of the RIJCOSX methods can be explained by the slower increase in the number of integrals
per point and the constant number of grid points. However, the scaling of RI-CIS is better than
that of the default CIS.

Table 3. The fitted β and R2

of the equation (19) for calculations
of the C2H4 in different basis sets

Method
Parameter

β R2

RI-CIS(1) 2.050 0.876

RI-CIS(2) 2.833 0.993

CIS 3.264 0.998
RIJCOSX-CIS

DefGrid2 1.678 0.995

RIJCOSX-CIS
DefGrid3 1.791 0.997

Table 4. The fitted γ and R2 of the equation (20)
for the calculations of C2nH2n+2, n = 1, 2, 3, 4, 5

polyenes with cc-pVDZ and aug-cc-pVDZ basis sets

Basis set cc-pVDZ aug-cc-pVDZ

Method γ R2 γ R2

RI-CIS(1) 2.639 0.957 4.136 0.978

RI-CIS(2) 4.030 0.989 4.260 1.000

CIS 2.591 0.996 3.294 0.996
RIJCOSX-CIS

DefGrid2 2.057 0.999 2.370 0.999

RIJCOSX-CIS
DefGrid3 2.119 0.999 2.416 1.000

3.2.3. Scaling test (molecule size)

A series of test calculations was carried out for the C2nH2n+2 with n = 1, 2, 3, 4, 5 molecules
with cc-pVDZ and aug-cc-pVDZ basis sets using different variants of CIS method. The results are
shown in Fig. 5.

The figure shows that RI-CIS(1) has the highest performance for any considered molecule
size. Both RI-CIS methods have smaller computation times compared to the default CIS methods.
RI-CIS(2) is faster than RIJCOSX with any grid for small molecules but becomes slower for the
larger ones.

The dependence of the calculation time per iteration on the number of carbon atoms NC was
fitted with the function:

t ∼ Nγ
C . (20)

The fitted γ and R2 parameters of equation (20), presented in Tab. 4, demonstrate that both
RI-CIS methods have worse scaling compared to RIJCOSX. Default CIS has intermediate γ. Two
variants of RI-CIS have different behaviors: the scaling of RI-CIS(2) is worse but more stable
with the basis augmentation. RI-CIS(1) has γ values close to those of the RIJCOSX variants

Effective Algorithms of the RI Approximation for the CIS Method ...
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Figure 5. Dependence of the time per iteration t on the number of carbon atoms NC

for the calculations by the different CIS variants. Axes are in the logarithmic scale

with the compact basis but much higher with the augmented one. However, despite having worse
scaling, RI-CIS(1) demonstrates higher performance for all the considered molecules. Moreover,
the better precision of the RI-CIS methods makes them preferable, even in those cases where they
may become slower due to the worse scaling.

Conclusion
The testing of the accuracy and performance of the considered CIS methods can be summa-

rized as follows:

• RI approximation can introduce a relatively small error to the CIS results. This error is
caused by the approximate calculation of the ERIs and is less than 150 cm−1. The precision
can be improved by employing a larger auxiliary basis set.
• RI approximation demonstrates a higher precision compared to RIJCOSX, especially for

smaller molecules and augmented basis sets.
• Implementation of the considered algorithm has parallelism similar to that of the variants

implemented in ORCA.
• RI-CIS methods have higher performance compared to RIJCOSX method for small and

moderate-sized molecules. The worse scaling may make RI methods slower for the case
of large molecules and basis sets. However, the better precision makes RI approximation
preferable.
• RI-CIS(1) is the best choice as long as the available memory is sufficient.

The considered realization of the RI-CIS demonstrates the efficiency of the high-memory
strategy in quantum chemical calculations. The employment of algorithms for the decomposition
of the ERI tensor decreases the memory requirements, making it possible to store them in the
RAM of modern computers. This situation is typical for the quantum chemical calculations, where
a huge amount of intermediate data is calculated but cannot be stored and must be recalculated
at each step. The use of the high memory strategy helps to avoid multiple recalculations and
significantly increases performance.
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The availability of a high volume of RAM makes this strategy applicable. However, the efficient
technologies of large tensor decomposition, such as resolution of identity, Cholesky decomposition,
etc., are even more important than the physical volume of memory.
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High-performance computing is one of the most essential tools fueling the advancement of

computational biology. The article discusses the application of the full-atom molecular dynamics

(MD) method to study the dynamic behavior of filaments formed by the protein tubulin, and

presents the results of testing the calculation performance depending on the latest models of central

processors and video accelerators. Our comparative performance analysis of GPU-based computing

architectures for all-atom MD simulations of biomolecular systems not only provides guidance

on choosing the best computing solution in terms of price-performance ratio, but also shows

the maximum potential computational performance that modern CPUs and GPUs can provide.

For example, MD of the biomolecular system containing a tubulin protofilament in an explicitly

specified solvent consisting of more than 300 thousand atoms can be studied with performance

of 232 ns/day at time step 2 fs when using single-node computer with the latest CPU and GPU

generation architecture. Constantly evolving computing resources coupled with modern software

enable us to solve increasingly complex problems in life sciences.

Keywords: molecular dynamics, tubulin, microtubule, CPU, GPU, computing performance.

Introduction

Tubulins and tubulin-like proteins form cellular structures that play a crucial role in numer-

ous cellular processes, including cell division. For example, tubulins form microtubules, which

are involved in chromosome search and separation. This is possible due to the unique property

of microtubules to spontaneously polymerize and depolymerize, a property known as dynamic

instability [6]. Another protein, FtsZ (Filamenting temperature-sensitive mutant Z), is a tubulin-

like protein that forms filaments with a repeating arrangement of subunits. These filaments form

a ring (so-called Z-ring) around the longitudinal midpoint, or septum, of a bacterial cell [9]. FtsZ

is essential for cell division in almost all bacteria and in many but not all archaea [8].

Although eukaryotic microtubules are a well-studied subject, the specific molecular mecha-

nisms underlying and governing their dynamic instability remain unclear. One of the questions

concerning microtubules is whether individual microtubule protofilaments assume a straight or

curved shape in solution. We know even less about the specific molecular mechanisms underlying

the dynamic behavior of FtsZ filaments that form the Z-ring. In any case, it is known that FtsZ

protofilaments have polarity and move in one direction by treadmilling [9].

To study the dynamic behavior of both individual protofilaments and entire microtubules

formed by tubulin, as well as filaments of the FtsZ protein, it is convenient to use methods of

molecular computer modeling, in particular, the classical molecular dynamics (MD) method.

However, studying such large molecular systems as microtubules and even individual tubulin

protofilaments or FtsZ filaments requires extremely high computational resources. The situa-

tion is further complicated by the fact that both tubulins and FtsZ possess long, unstructured

C-terminal regions or tails (in the case of FtsZ, this unstructured tail can reach a hundred amino

acid residues in length), the role of which in dynamic behavior remains unclear. Because these
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regions lack a defined structure and their dynamic behavior is highly variable, the building of a

molecular model requires increasing the reaction volume and obtaining long MD trajectories.

High-performance computing (HPC) is one of the most essential tools that fuels the advance-

ment of computational biology. Since our latest overview of HPC capabilities, benchmarked on

simulations of tubulin dynamics in 2023 [4], new version of CPU and GPU became commercially

available. This article discusses the issue of choosing the optimal computational architecture for

studying large biological systems using the MD method and the gains in computing speed that

are provided by the latest models of central and graphic processors. Since 2018, when NVIDIA

released the first RTX series GPUs, four generations of these accelerators have been released,

and each new generation increased the speed of calculations. New, more powerful central pro-

cessing units (CPUs) have also been designed by Intel, and although their contribution to the

increase in MD calculation performance is less than that of GPUs, we also discuss them in this

article, including Intel Ultra series CPU.

The article is organized as follows. Section 1 is devoted to the computational methods used

in the paper. In Section 2 we provide the results of molecular dynamics performance tests using

different computer architectures. The conclusion summarizes the study.

1. Methods

All tests were performed using the all-atom explicit solvent MD. The calculations were exe-

cuted using the GROMACS 2022.5 or GROMACS 2025.2 software package [2] which facilitates

parallel computing on hybrid architectures and incorporates the CHARMM27 force field [10].

Each benchmark simulation was run for a duration of 30 minutes, employing the TIP3P wa-

ter model. The tubulin tetramer structure was obtained from the Protein Data Bank (PDB id

5SYF [7]). The dimensions of the simulation volume were selected to ensure that the distance

from the protein’s surface to the nearest boundary of the simulation box was no less than two

nanometers. Long-range electrostatic interactions were taken into account using the particle

mesh Ewald method [3]. Both Coulomb and Lennard-Jones cutoffs were configured to 1.25 nm.

Molecular dynamics (md) integrator was used. For the water box systems, the time step was 1 fs

and no restraints were used. For the tubulin protofilament, the time step was 2 fs and constraints

were imposed on the bonds of atoms with hydrogens. The “GPU-resident” option was tested,

which updates coordinates on the GPU when all force and coordinate data remain resident on

the GPU for a number of steps [1]. Specifications of MD systems used for benchmarking are

summarized in Tab. 1.

Table 1. Specification of molecular dynamics systems used in the benchmarks

MD systems MD system name Number of atoms System size, nm

Water box (WB)

WB-10 10206 4.7 × 4.7 × 4.7

WB-80 80232 9.3 × 9.3 × 9.3

WB-200 203415 12.7 × 12.7 × 12.7

WB-500 500076 17.2 × 17.2 × 17.2

WB-1000 1000005 21.7 × 21.7 × 21.7

Tubulin tetramer Tub-4 307453 11.3 × 12.5 × 22.2
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2. Results and Discussion

2.1. Performance Tests

We have tested the performance of all-atom MD calculations for water box systems of differ-

ent sizes as well as tubulin tetramer in water for both considered Intel CPUs (Core i9-14900KF

and Core Ultra 9 285K) and a variety of NVIDIA RTX graphic accelerators. The table with

all performance tests is available via this link. The results of the performance tests are also

presented selectively in Fig. 1 and Tables 2–4.

2.2. Dependence of Performance on System Size

To understand how the performance of MD calculations depends on the size of the molecular

system, we tested five water box systems of different sizes (10, 80, 200, 500, and 1000 thousands of

atoms) for both considered Intel CPUs with and without NVIDIA RTX5090 graphic accelerator.

We normalized the performance value to the system size and the performance of the Core

i9-14900KF CPU only, Fig. 1. The graph shows that performance normalized to the number

of atoms is virtually independent of system size when calculations are performed solely on

the CPU, without a GPU. However, when using the top-of-the-line NVIDIA RTX5090 GPU for

calculations, the situation changes greatly. First, performance with a GPU is significantly higher

than without it, reaching its maximum (more than 20 times faster than with a CPU only) on large

molecular systems (half a million and a million atoms). Second, on smaller molecular systems,

normalized performance drops significantly. For example, for a system size of 80000 atoms,

it drops by a factor of 2 on an Intel Ultra 9 285K processor, and by approximately 20% on

a Core i9-14900KF processor. These results will be discussed in more detail in the following

sections.

The cause of the relatively poor normalized performance for a small system (less than a

hundred thousand atoms) may be the ineffective use of GPU computing resources. However,

small systems are computationally fast, the computing performance of a system of 10000 atoms

reaches 1 µs/day. In addition, biological systems of interest often contain a much larger number

of atoms.

Figure 1. Normalized performance of MD calculation for systems of different sizes both

for CPU only and CPU+GPU computer systems
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2.3. Comparison of the Latest Intel Ultra 9 285K and i9-14900KF

Processors in CPU-only Mode and in Combination with the Latest

NVIDIA RTX5090 Graphics Accelerator

If the GPU is not used for molecular dynamics calculations, but only the CPU, the latest

Intel Ultra 9 285K processor demonstrates almost 1.5 times higher performance than the In-

tel i9-14900KF on small systems of approximately 10000 atoms (Tab. 2, the third and fourth

columns). However, the larger the molecular system, the smaller the performance gain. For a

system consisting of a million atoms, no gain is observed, and these two CPUs demonstrate

identical performance. It should be noted that the two versions of Gromacs compared, using

only the CPU, produce virtually identical results, especially for the Intel i9-14900KF processor.

For large molecular systems with 200000 or more atoms, the latest NVIDIA RTX5090

graphics accelerator provides a 20-fold increase in performance when running MD simulations

on the latest version of Gromacs 2025.2, or when using version 2022.5 with the GPU-resident

option (Tab. 2). This observation roughly corresponds to data obtained three years ago (2022)

on a previous-generation computer with an Intel i9-13900K processor and an NVIDIA RTX4090

graphics accelerator: back then, the graphics accelerator increased the computing speed by

14–22 times, depending on the system size [4]. Of course, a 2025 computer system with the graph-

ics accelerator is about 1.3 times faster than the previous one anyway. It is worth adding that the

new Intel i9-14900KF CPU delivers slightly faster, more stable and predictable GPU-based MD

performance than the latest Intel Ultra 9 285K, especially for large molecular systems (Tab. 2).

Table 2. Single-node performance (ns/day) for water box systems of different size depending

on various combinations of CPUs and RTX5090 GPU and version of Gromacs MD software

Molecular

system

Intel Core

CPU model

2022.5

No GPU

2025.2

No GPU

2022.5

GPU

2022.5

GPU-resident

2025.2

GPU

2025.2

GPU-resident

WB-10 i9-14900KF 142 143 768 1053 990 1016

WB-80 i9-14900KF 20 20 197 365 340 350

WB-200 i9-14900KF 7.8 7.8 85 160 160 160

WB-500 i9-14900KF 3.2 3.2 35 69 70 70

WB-1000 i9-14900KF 1.6 1.6 14 35 35 35

WB-10 Ultra 9 285K 205 185 336 348 310 319

WB-80 Ultra 9 285K 30 27 28 218 205 205

WB-200 Ultra 9 285K 12 11 28 127 124 123

WB-500 Ultra 9 285K 3.9 3.7 24 65 64 64

WB-1000 Ultra 9 285K 1.7 1.6 15 35 34 33

2.4. Notes on Using the GPU-resident Option in the Latest Version

of Gromacs

In our previous paper [4], we argued that the GPU-resident option significantly (up to

2.3 times) improved the performance of MD calculations. Using the latest version of Gromacs,

this option no longer provides any performance gain, at least on large systems over 200000 atoms

(Tab. 2, the last two columns).
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Table 3. Single-node Gromacs 2025.2 molecular dynamics performance (ns/day)

for tubulin tetramer on various GPUs for Intel i9-14900KF CPU

(results with GPU-resident option on and off are equal)

Test number GPU Series name Release date Performance, ns/day

1 No GPU — — 11

2 RTX2080ti Turing Sep 2018 45

3 RTX3080 Ampere Sep 2020 65

4 RTX3090 Ampere Sep 2020 75

5 RTX4080 Ada Lovelace Nov 2022 121

6 RTX4090 Ada Lovelace Oct 2022 167

7 RTX5080 Blackwell Jan 2025 146

8 RTX5090 Blackwell Jan 2025 232

2.5. Contribution of the Graphics Accelerator to the Performance of MD

Calculations

We tested the performance of MD calculations on the latest version of Gromacs and the

new Intel i9-14900KF processor, depending on the model of the NVIDIA RTX (Ray Tracing

shader eXtreme) graphics accelerator, starting with the most advanced RTX20 models (Turing

series), RTX2080ti, and ending with the latest model RTX5090 (Blackwell series), see Tab. 3.

The performance test was conducted on a full-atom model of a real biological system, which is

a tetramer of the protein tubulin in explicit water.

Immediately striking is the significant increase in MD performance starting with the 40 series

(Ada Lovelace). For example, RTX4080 with its 121 ns/day is more than 1.5 times faster than

the previous top-end model, RTX3090 (78 ns/day). Moreover, the top-end version of the 40 series

(167 ns/day) is actually more than twice as fast as the top-end version of the 30 series.

As for the latest 50 series of NVIDIA graphics accelerators, they do not show such impressive

results compared to the 40 series, although the top version of the 50 series RTX5090 with its

fantastic 232 ns/day is nevertheless 1.4 times faster than RTX4090. The younger model of the

50 series, RTX5080, shows significantly worse performance even than the top card of the previous

40 series. Overall, in the past 7 years, starting in 2018, the MD performance of top-end RTX

series graphics cards has increased more than 5 times. If we compare the performance of a

computer with a top-end graphics accelerator versus one without a graphics accelerator at all,

the performance gain is more than 20 times.

2.6. Performance of the Latest Intel Ultra 9 Processor in MD Calculations

When Using the New Top-End NVIDIA RTX Graphics Accelerators

We tested the performance of MD calculations on the latest version of Gromacs and the

newest Ultra series of Intel desktop CPUs, the Ultra 9 285K processor, depending on the

NVIDIA RTX graphics accelerator model (Tab. 4). Performance tests were produced on the

same biological system as for Intel i9-14900KF processor – a tubulin tetramer in explicit water.

Since the test results were quite unexpected, we also performed the test on a larger molecular

system, namely WB-1000.
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Using NVIDIA RTX30-series graphics accelerators, the computational performance of both

types of the latest Intel processors (Ultra 9 285K and i9-14900KF) is virtually identical. The

same situation is repeated with the lower-end graphics cards of the next generations – RTX4080

and RTX5080 – although in these cases the Ultra processor demonstrates slightly better results.

However, the test results become completely unpredictable and different when it comes to the

top-end GPUs, namely RTX4090 and RTX5090. With an Intel Ultra processor, these graphics

cards demonstrate significantly lower performance even compared to their lower-end counter-

parts, not to mention the fantastic speed they demonstrated with the Intel i9-14900KF. Indeed,

for RTX5090, the MD computation performance with the Ultra 9 285K processor dropped more

than 2-fold compared to i9-14900KF! This seems incredible and may be explained by the sig-

nificantly different internal architecture of Intel’s new Ultra series CPU, in which the processor

consists of multiple dies. Instead of a single monolithic die, Intel Core Ultra uses a disaggregated

chiplet design and features a neural processing unit (NPU) for AI acceleration. This architec-

ture separates components like the CPU, GPU, and NPU into “tiles” that are manufactured on

optimal processes before being combined, leading to power efficiency.

However, for the WB-1000 molecular system, three times larger and consisting of a million

atoms, the Ultra 9 285K processor again outperforms the i9-14900KF when using the 5090 graph-

ics card (38 ns/day versus 33 ns/day). The result regarding the computational slowdown when

switching from the 80th to the 90th GPU also does not hold for the WB-1000 system (Tab. 4,

last column). Indeed, the calculation speed of the 5090 graphics card is twice that of the 5080.

The Intel Core Ultra 9 processor performs slower with memory than the i9-14900K, as the

latter has higher clock speeds and better multi-core performance, which is critical for mem-

ory performance in applications. Indeed, the Ultra series processor has 24 threads, while the

i9-14900K has 32. At the same time, the smaller the size of the molecular system, the more

frequent data exchange with the video card occurs. This may explain why the Ultra 9 285K per-

formance drops more sharply compared to the i9-14900K as the biological system size decreases

(Tab. 2). Note that performance drops only when using the top-end 40- and 50-series graphics

accelerators. This is likely due to their higher memory bus widths (384 and 512 bits, respectively)

and larger memory capacities (24 GB and 32 GB, respectively) than their lower-end counterparts.

It can be concluded that Ultra 9 series processors, despite their powerful integrated graphics, en-

ergy efficiency, and AI capabilities, are focused on different tasks than high-performance desktop

processors like the i9-14900K, which is aimed at maximum performance in traditional computing

tasks.

Conclusion

Over the past seven years, since the introduction of the NVIDIA RTX series of graphics

accelerators in 2018 and the release of the latest versions of Gromacs, the speed of all-atom

MD calculations has increased more than fivefold. Moreover, since 2014, MD performance has

increased by almost 35 times when comparing a top-of-the-line gaming CPU Intel Core i7-4790K

and a top video accelerator NVIDIA GTX 980, both released in 2014 [5]. All this has become

possible thanks to the rapid and continuous development of the computing capabilities of central

and, in particular, graphic processors.

Our comparative performance analysis of GPU-based computing architectures for all-atom

MD simulations of biomolecular systems not only provides guidance on choosing the best com-

puting solution in terms of the price-performance ratio, but also shows the maximum potential
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Table 4. Single-node Gromacs 2025.2 molecular dynamics performance (ns/day) for tubulin

tetramer and WB-1000 molecular systems on various GPUs for Intel Ultra 9 285K CPU

(results with GPU-resident option on and off are equal)

Test

number
GPU

Series

name

Release

date

Performance for tubulin

tetramer, ns/day

Performance for

WB-1000, ns/day

1 No GPU — — 15 1.6

2 RTX3080 Ampere Sep 2020 65 11

3 RTX3090 Ampere Sep 2020 77 12

4 RTX4080 Ada Lovelace Nov 2022 126 18

5 RTX4090 Ada Lovelace Oct 2022 99 25

6 RTX5080 Blackwell Jan 2025 136 17

7 RTX5090 Blackwell Jan 2025 104 33

computational performance that modern CPUs and GPUs can provide. In addition, we show

how the latest software versions and computational options can improve the performance of the

calculations. MD of the biomolecular system containing a tubulin protofilament in an explicitly

specified solvent consisting of more than 300 thousand atoms can be studied with a performance

of 232 ns/day at time step 2 fs when using a single-node computer with the latest CPU and

GPU generation architecture (Intel Core i9-14900KF and Nvidia RTX5090, respectively).
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Ionic and Water-Saturated Clusters in Self-Healing

Polydimethylsiloxanes Modelled by Molecular Dynamics
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Elaboration of new self-healing polymer materials with improved properties such as room-

temperature healing and sufficient mechanical performance is a complicated task. In our study,

we present the groundwork for construction of multicomponent systems for polydimethylsiloxane-

based polymers via condensation in molecular dynamics resembling the simulated annealing pro-

tocol. Upon the self-organization according to the force field that model the intermolecular in-

teractions, all the compounds of the “siloxane equilibration” system reproducibly assembles in a

polydisperse structure with ionic and water-saturated aggregates. Around these aggregates, the

negatively charged polymer terminal groups are oriented, along with ions of initiators and residual

water. At the temperature of self-healing, the outer layers of the aggregates intensively exchange

with each other. Thus, the molecular dynamic simulations shed light on crucial structural and

dynamical properties on a molecular level that can influence the self-healing process, which would

be useful in further targeted development of these materials having a prospect in cable products.

Keywords: self-healing materials, PDMS, “siloxane equilibration”, MD simulation.

Introduction

Nowadays the requirement for high-tech polymer-contained devices in various areas perma-

nently increases, entailing the problems of labored reparation of them in case of mechanical or

electrical damage. This problem particularly manifests in electronic devices, when a breakdown

can distort the mechanical integrity of a dielectric material disabling thus a rather expensive

device. To overcome this problem, polymers with self-healing properties, i.e., able to heal the

occurring mechanical defects in it, have attracted significant interest as promising participants

of a sustainable development concept [3, 27]. Self-healing materials are comprised by various

types of polymers possessing exchangeable bonds or interactions with relatively low activation

energy threshold, which are able to reversibly cleavage and reform, providing mobility of the

chains and regaining mechanical strength and integrity after the damage. These exchangeable

bonds may be noncovalent (hydrogen bonds [9, 52, 57], ionic interactions [12, 29, 37] etc.) or

covalent [46, 55] (for example, Diels—Alder reversible condensation [6, 17], donor-acceptor metal

coordination [15, 28, 34, 51], imine bond [47, 60], disulfide bond [35, 42], dynamic urea bond [56],

boron ester bond [7, 10, 58], oxime ester [20] and many others), or the polymer can contain a

combination of both types.

Polysiloxane-based self-healing materials are comprised by chains of the Si–O– sequence

with the feature of recombination of Si–O bonds between two different chains. High flexibility

and low rotation energy barrier of the polysiloxane chains [32], provide excellent mobility of the

chains and thus high efficacy of self-healing, however, along with low mechanical performance.

Nevertheless, in case of electronic devices including those in biomedicine, the effectiveness, rate

and autonomy of self-healing is a priority. Also, such peculiarities of self-healing polysiloxanes

as optical transparency, flexibility, high environmental and thermal stability provide their wide

potential application in electronics and wearable devices [19, 26, 53], soft robotics [58], microflu-

idics [39] and special indispensability for biomedical devices due to their complete biocompatibil-

ity [33, 50, 54]. Extremely low (about −120◦C) glass transition temperature, Tg, of polysiloxanes
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makes them a very attractive object for modifications in order to approach the room temperature

effective self-healing via, for example, adding of a silicone exchange catalyst [8, 24] or additional

type of reversible bonds with lower activation energy [14, 25, 40]. However, these methods may

significantly increase the material cost and, what is more important, decrease one of the most

valuable unique polysiloxane properties such as biocompatibility. Therefore, development of the

room temperature silicone self-healing materials with minimal chemical interventions is a chal-

lenging task. To find the pathway of such modification, a detailed picture of the self-healing

mechanism at the molecular level would be indispensable.

In all the available literature, the self-healing of polyorganosiloxanes is attributed to the

“siloxane equilibration” reaction, in which an electronegative terminus of one chain attacks a

middle of another chain by SN2 mechanism, upon which the second chain is shortened, and

the first one is lengthened. The SN2 mechanism of this reaction is confirmed both by quantum

chemical calculations using DFT methods [13] and experimental methods [36, 44]. Indeed, it

is the presence of charged –Si(CH3)2O
− terminal groups that imparts self-healing properties

to siloxane materials, while neutralization of the charged chain ends deprives the materials

of this ability [59]. However, detailed atomic and molecular structure of the multicomponent

polymeric system could provide crucial information for understanding the self-healing process

and its relation with desired mechanical performance.

In our study, for computational investigations, the “siloxane equilibration” compounds, pre-

viously obtained as follows [38, 41], were selected as the most simple compounds of their class.

These polymers were synthesized by anionic polymerization of the D4 reagent (octamethylte-

tracyclosiloxane) with a small amount of its dimer, bis-D4 reagent, every molecule of which

contains C–C bond and, being included into the polymer, provides ethylene crosslinks between

two linear PDMS chains. The polymerization is initiated by an anion, typically OH−, and the

most common initiators are N(CH3)4OH (TMAOH) [59] or KOH. It was found that the quality

and type of the initiator can influence the self-healing temperature and other material proper-

ties. This and other features can hardly be explained without understanding of the PDMS-based

“siloxane equilibration” material organization at the molecular level. The reliable structural and

dynamical modeling could reveal some crutial heterogeneity in its structure and its role in the

self-healing processes.

Therefore, molecular dynamics (MD) simulations were performed for investigation of this

issue. Though this method does not imply rearrangements of covalent bonds, it is indispensable

to model the polymer organisation at the molecular level and assess the possibility of a certain

reaction according to the distance between the reaction centers. Task-oriented material design

with purpose properties, attempted to reach certain values by variation of chemical composition

and structure, is more efficient when it is based on a structure-property relationship model. The

MD simulation method has approved itself to be appropriate and conclusive for investigation

of irregular structure of polymer materials, including those with self-healing abilities [23]. In

this research, we exploited it to obtain the three-dimensional dynamic picture of the “siloxane

equilibration” materials and to establish the processes guiding its self-healing.

Virtual simulation provides insights into systems with different parameters easily fine-tuning

in the model compared to the synthesis, such as the initiator effectiveness or a small water

impurity in the investigated polymer. To address this issue, we designed several theoretical

systems along with experimentally based varying parameters such as the counterion type, the

initiator effectiveness or an average chain length.
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To establish the detailed structure of the self-healing PDMS materials, a simulation protocol

that would chemically-friendly guide the system self-organization is required. If any initial guess

for the irregular multicomponent polymer structure is absent, it is possible to start from the cell

with randomly distributed components in it, which is anyway far from the real structure and

thus requires the surmounting of a lot of substantial energy barriers on the way to the potential

minimum with the most reliable structure of the material organization. The simulated annealing

protocol [43] provides such kind of a global optimization strategy which at the beginning point

supplies the system with an energy sufficient to overcome barriers on its energetic landscape and

then gradually reduces the additional energy which steers the system towards the global energy

minimum. In our study, we adopted a similar strategy to the MD simulation of PDMS-based

“siloxane equilibration” systems containing ions of different initiators, N(CH3)4OH or KOH, in

various concentration, and water molecules. The results of the proposed modelling protocol and

the influence of the concentration of different ions were thoroughly analyzed.

The present article is organized into three main sections. The “Methods” section is devoted

to computational protocol details, the “Results and discussion” section contains general descrip-

tion of MD simulation data and their interpretation. Conclusion points out the significance of

the obtained results for understanding of the self-healing mechanism and potential directions of

material development for its improvement.

1. Methods

1.1. System Design and Construction of the Polymer MM Models

We assumed that upon polymerization, each initiator anion creates one unbranched PDMS

chain, while each bis-D4 crosslink consumes two initiator anions for every opening ring, creating

one cross-linked polymer molecule. Therefore, the average chain length in the system is defined by

the ratios between the initial components (D4, bis-D4 and the initiator, KOH or (CH3)4NOH)

and one more value – the initiator efficiency, i.e., the percentage of the initiator ions that

participated in the nucleophilic substitution reaction and created an “opened” –(CH3)2Si–OH

group. Modeling of the systems with Mw according to the NMR and GPC data (58 kDa and

66 kDa) implied certain KOH efficacy and thus the presence of a certain number of unreacted

OH− in the system along with the initiator counterions. The corresponding amount of these

ions were added to the systems (Tab. 1). Also, systems with different initiator efficiencies and

calculated from it average chain lengths were similarly constructed.

The minimal number of chains was selected in order to provide the unfolded conformation

of them in the simulation. For systems with large Mw amount above 40 chains was sufficient for

this, while in the systems with a higher initiator efficiency we had opportunity to simulate a

larger number chains. The lengths of individual chains were generated according to the Poisson

distribution with a given mean, and these chains were arranged within a cubic cell at equal

distances from each other in each of the three dimensions. Crosslinks were introduced into some

of the chains according to the mass fraction of bis-D4. The chain and the location within it for

each crosslink were also chosen randomly, with the only assumption being that the crosslinks or

chain ends must be separated from each other by at least six DMS residues.

Though PDMS is a highly hydrophobic material, it was supposed to absorb some amount of

water. Thus, certain excess of water in the amount of 0.5% mass. was included into the models

as a preliminary upper bound of water content.
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Systems with (CH3)4NOH were constructed in a similar manner, but K+ ions were replaced

with (CH3)4N
+ ions using an authoring Python script with the cmd library, and are denoted

hereafter as PDMS-TMA systems (in names like PDMS-TMAOH-13 the last number means

initiator effectiveness, here 13%). Otherwise, systems with KOH as an initiator are denoted as

PDMS-KOH.

The full list of the constructed systems is the following:

• PDMS-K-100 with the initiator effectiveness of 100%;

• PDMS-K-30 with the initiator effectiveness of 30%;

• PDMS-K-13 (13.2% effectiveness, corresponding to the experimental Mw of 58 kDa);

• PDMS-K-10 (10.4% effectiveness, corresponding to the experimental Mw of 66 kDa);

• PDMS-TMA-13.

For them, the quantitative compound and other details are given in the Tab. 1. In it, Mn is

given in a number of DMS residues, while nOH− denotes the number of free unreacted anions in

the system. After a number of chains and “=” its quantitative distribution along every dimension

is given.

Table 1. The quantitative (in a number of molecules) composition

of the “siloxane equilibration” material simulation cells

System name Polymer chains Cell, nm Mn Crosslinks nOH− Cations Water

PDMS-KOH-100 216 = 2 × 6 × 18 39 53 12 0 228 222

PDMS-KOH-30 64 = 1 × 2 × 32 58 197 12 177 253 248

PDMS-KOH-13 64 = 1 × 4 × 16 46 782 47 732 843 986

PDMS-KOH-10 48 = 1 × 4 × 12 52 890 41 756 845 843

PDMS-TMAOH-13 64 = 1 × 4 × 16 46 782 47 732 843 986

The construction of the systems was performed using a Python script with the cmd module.

For systems with low initiator effectiveness (10 and 13%) long chains were folded into “rolls” from

an unfolded D4 structure with Si–O–Si–O and O–Si–O–Si torsion angles 1̃76◦ – the minimal value

that allowed the chains to be folded without steric interference (Fig. 1a). After this, the cell was

filled with water, and the required amount of randomly distributed ions and water molecules were

added using the gmx solvate and gmx genion instruments of GROMACS software, respectively.

The molecular mechanical models of the PDMS residues, both for the linear and branched

fragments, were prepared using the General Amber force field [49]. Partial charges were evaluated

according to the RESP model [1]. The lacking parameters of covalent bonds and angles for DMS

and crosslink residues were calculated by DFT method with M06–2X functional and 6–311++G∗∗

basis set [30] along with parameters from [16].

1.2. Molecular Dynamics Simulation Protocol

We began the simulation at high temperature (about 800–1000 K) which ensured an easy

overcoming of all the conformational barriers, and then linearly decreased it down to the room

temperature, providing thus the system movement towards the most energetically optimal struc-

ture guided by forces of intermolecular interactions from the forcefield.

The MD simulations were carried out using GROMACS 2019.4 software [22, 48]. The time

step of integration for equations of motion was 2 fs. The system coordinates were written to

the xtc trajectory file every 20 ps. The lengths of all bonds were controlled using the LINCS
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algorithm [21]. The temperature was maintained by the velocity rescaling thermostat with addi-

tional stochastic correction [4] with 0.1 ps coupling time. The pressure in NPT simulations was

controlled by Berendsen barostat [2] with the coupling time of 5 ps. Ewald particle mesh with

the sixth order of interpolation and a 0.1 nm grid step was used to threat long-range electrostatic

interactions [11].

Every MD simulation was preceded by a geometry optimisation by the Broyden—Fletcher—

Goldfarb—Shanno algorithm [5]. The sequence of all calculation procedures upon the system

modelling is given in Tab. 1.

1.2.1. Results and discussion

At the initial stage of the system modelling, initial unit cells with PDMS chains were con-

structed. We applied the software previously developed by us for modeling of lesser polymer

cells [31] that was based on various probabilistic algorithms which essentially randomly dis-

tributed components in the cell, creating a system that reproduces the required ratios of initial

reagents and the average chain length (with the individual chain lengths distributed according

to the Poissons law). Thus constructed systems with PDMS chains, ions, residual water and D4

reactant underwent a procedure of in silico condensation to achieve a deep equilibration during

the system self-organization.

In this procedure, after potential energy optimization, MD simulation is to be carried out

at constant volume and high temperature that is significantly higher than the physical polymer

could sustain (up to 1073K, see Tab. 1). During this simulation, the polymer chains and other

components intensively mix with each other, remaining distributed throughout the cell without

significant condensation in a confined region.

At this step, for systems with long PDMS chain a crutial problem arose: the polymer chains

began to “curl” folding on themselves (which would result into unnatural conformations upon

further condensation) rather then interact with each other due to large interchain distances.

Prevention of the curling by mere temperature increase entailed a high probability of triggering

the LINCS algorithm, aborting the simulation. A solution was found in reducing the free space

in the initial cell by folding the polymer chains into artificial helices as tightly as the PDMS

structure allowed without a steric clash of the van der Waals radii of the atoms (Fig. 1a). The

dense PDMS chains packed into such kind of “rolls” did not inflict tense system conformation

in further simulations: the chains unrolled during the first tens of the NVT trajectory (Fig. 1c,

left). Therefore, this chain twisting was used to construct the systems with long polymer chains.

At the next step of the simulation protocol, the system was slowly cooled to ambient or 100◦C
temperature. Upon this process, molecules and ions aggregated according to their interaction

forces, thus adopting the most natural conformation and mutual arrangement (see Fig. 1c, right).

At the final stage, the systems at 25 or 100◦C were extracted from the condensation trajec-

tory after stabilization as starting systems for further simulations. After the geometry optimiza-

tion, final trajectories of 500 ns length were obtained for each type of the system (all kinds of

simulated systems are described in Methods). The final density that the modeled systems reached

was about 0.95 (Fig. 1), which falls within the range of 0.91–1.00 for PDMS materials [45].

In all the simulated systems we observed an aggregation of positively charged counter-ions

and the self-organization of charged and polar groups and molecules around these aggregates

(Fig. 2). These aggregates assembled reproducibly in various cells with different compositions

and in all the MD runs with different ratios of components (Tab. 1).
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(a) Initial compacted conformation of PDMS chains
(b) General view of the starting system

with “rolled” PDMS chains and ions

(c) Condensation of the polymer material cell after short NVT simulation

Figure 1. Construction and condensation of polymer material simulation cells

We observed that the size and distribution of the aggregates heavily depended on the initia-

tor effectiveness. For a system with 100% effectiveness (without free OH− in the polymer), the

average ionic aggregate size was about 5–6 cations (Fig. 2a). As initiator efficiency decreased,

the aggregate size increased due to residual OH− anions incorporating between cations, thereby

enhancing their retention (Fig. 2b). The greater was the fraction of unreacted initiator remnants,

the larger was the average size of the aggregates, increasing up to more than 40 K+ cations at

10–13% effectiveness (Tab. 1). With extremely low initiator effectiveness (10–13%), the number

of K+ and OH− ions in the system was nearly equal, which provided formation of stable ionic

aggregates of many tens of ions (Fig. 2c).

The aggregates in our systems had a more complex structure than any other ionic aggre-

gates previously described [18]. All negatively charged termini of the polysiloxane chains were

“anchored” by cationic aggregates. All water molecules, as well as polar hydrophilic groups

at the beginning of the chains at the site of nucleophilic OH− attachement, were also coor-

dinated around the ionic aggregates, so that the space between the aggregates was filled only

with low-polarity lipophilic PDMS chains. At larger aggregate sizes, they attracted even less

polar residues, such as forming ethylene crosslinks in the chains (Fig. 2c, right). Thus, all the

negatively charged groups that initiate the siloxane exchange reaction appeared to be trapped

on the surface of the aggregates in our model. This should be taken into account for future

investigation of the siloxane equilibration kinetics.
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(a) Initiator effectiveness 100%, no OH− ions in the system

(b) Initiator effectiveness 30%

(c) Initiator effectiveness 13%

Figure 2. Condensed simulation cells with ionic aggragates (on the left) and organization

of individual aggregates (on the right, the common color scheme is given on the top)

at different effectivenes of KOH polymerization initiator

In the obtained MD simulations trajectories integrity of K+ and OH− aggregates and their

coupling with water molecules or terminal PDMS residues were investigated. It was expected

that the dynamics of inner layers (consisting of K+ and OH− ions) and outer layers (water,

PDMS residues) of the aggregates could provide an insight into how the structure determines

the materials properties, including the self-healing capacity.
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As it was mentioned above, an increase in the amount of unreacted OH− at reduced initiator

effectiveness, enabled a formation of increasingly larger ionic clusters, where K+ and OH− alter-

nate with each other. Thus, the considered decrease in initiator efficiency led to the formation

of increasingly larger and rarified ionic aggregates in the bulk of polymeric cell. Additionally,

significant differences in the dynamics of the aggregates were detected. During the simulation,

the aggregates and their environment underwent two types of dynamic changes. The first one

involved the aggregate “core” itself – the cluster of K+ and OH− ions – which could split into two

parts with their subsequent separation (however, they could further merge again). These fission

events were the more common, the higher the initiator efficiency was, i.e., the smaller were the

clusters themselves. For the systems without any free OH−, aggregates easily disintegrated, ex-

changed their core ions, or merged, as they were extremely small (with an average of 5 K+ ions)

and located close to each other (Tab. 1). As the ionic clusters grew with increasing of OH− con-

tent, the aggregates became more stabilized. In particular, in systems with 10–13% efficiency, ion

exchange between aggregates was practically non-existent; however, another interesting process

prevailed.

The outer layer of such clusters, formed by water and chain end groups, proved to be even

more mobile. Individual groups in this layer could reversibly separate from the cluster, and if the

distance became large enough, return not to their own cluster, but to a neighbouring one. Thus,

during the simulations, an exchange of outer layer components occurred between clusters. Ex-

pectedly, this exchange became more intense with increasing temperature. For PDMS-KOH-13

at room temperature, no such exchange events were observed within 0.5 µs of simulation, but as

the temperature increased up to 100◦C, the “hopping” of the PDMS termini between aggregates

occurred many times within the same trajectory span (which is illustrated on Fig. 2). Since

self-healing is always related with the redistribution of reversible interactions in the material,

which provides the relative mobility of its chains, the redistribution of terminal PDMS groups

between the aggregates in the MD trajectory might influence the self-healing mechanism of the

PDMS-KOH material.

Water expectedly appeared to be the most mobile component of the outer layer of the

aggregates, so the water exchange between aggregates was the most frequent event (see Tab. 1).

It is to be established in further modeling, whether water exchange alleviates the inter-aggregate

“hopping” of the PDMS residues and thus is an important active participant of the self-healing

process, or this is an independent process.

With substitution of the KOH initiator with N(CH3)4OH in the PDMS-TMAOH-13 systems,

the behaviour of the aggregates was completely different. The aggregates themselves became

unstable, when one part of them could shift and separate from another; however, such separations

of the aggregates were reversible. What is more important, no exchange of PDMS residues

between the outer aggregate layers was detected at either 25◦C or 100◦C. However, at all these

temperatures, the real PDMS-TMAOH system provides self-healing. Therefore, the self-healing

ability of PDMS-TMAOH systems should be mainly attributed to another physicochemical

processes: general mobility of the PDMS chains coupled with ionic aggregates and “siloxane

equilibration” reaction.

To the contrast, PDMS-KOH systems demonstrate a unique behaviour: rapid redistribution

of internal noncovalent interactions between stable “anchor” aggregates. This process presum-

ably can provide self-healing ability along with low viscosity, and thus could explain self-healing

of PDMS-KOH with relatively good mechanical performance.
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Conclusion

Molecular dynamic modelling of self-healing PDMS-based “siloxane equilibration” materi-

als enabled to obtain the details of polydisperse structure depending on their composition. The

main distinguishing feature of the systems with KOH or N(CH3)4OH initiators was that ini-

tiator counterions are concentrated into aggregates, surrounded by negatively charged groups

from the ends of the polymer chains. As initiator efficiency decreased, these aggregates became

increasingly larger due to the intercalation of residual OH− between potassium ions, addition-

ally stabilizing these aggregates. They also coordinated the polar groups of the system around

themselves: water molecules, as well as the initial polymer residues that carried the attached

OH− ion and the cross-linking residues. During the MD simulation of materials with KOH as

initiator with 10–13% effectiveness at 100◦C, these polar groups extensively migrated between

stable ionic aggregates. Water was especially mobile in this regard, but the initial residues also

underwent several “switches” during the 500 ns trajectory. At 25◦C, these groups had insuffi-

cient kinetic energy to switch from one aggregate and attach to another one. These simulation

data are in line with the experimental fact that the material with KOH as initiator undergoes

self-healing only at the temperature above 100◦C.

Another noteworthy point following from the MD results deserves special attention for the

future study of self-healing properties. It is the balance between two interrelated processes: the

“siloxane equilibration” reaction and the dynamic of ionic particles in self-healing process. If

the reaction requires free –(CH3)2SiO− termini, which, according to the simulation data, are

preferably bound with ionic aggregates, then the siloxane equilibration should be considered

in the light of the aggregate structure. The aggregate itself, its size, compound and stability is

expected to impact the kinetics of the “siloxane equilibration” reaction, and it is a comprehensive

task for further investigations.

Thus, the structural models obtained via MD simulation condensation protocol discovered

the existence of stable ionic aggregates in the PDMS polymer bulk. It enatails that the self-

healing process can be determined by the structure and dynamics of these ionic aggregates,

which would open new perspectives of modifications by controlling the size, distribution or

kinetic parameters of group exchange of water-ionic aggregates in polydisperse multicomponent

system.
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Human serum albumin (HSA) is the main transporter of a wide range of endogenous ligands,

including linear tetrapyrrolic bile pigments. Despite many experimental and theoretical studies,

the detailed binding modes of linear tetrapyrroles in HSA remain not fully understood. Here, we

investigate the interaction of 4Z,15E and 4Z,15Z biliverdin-IXα with HSA by classical molecular

dynamics and machine learning. Starting from the crystallographic complex of HSA with 4Z,15E

bilirubin-IXα, we construct models for both biliverdin isomers and explore their conformational

space in the initial binding site. We analyse protein-ligand contacts, conformational flexibility,

and the populations of distinct binding poses using clustering of interaction fingerprints. The

results reveal both shared and isomer-specific interaction patterns between biliverdin and HSA.

Several conserved contacts are maintained in both complexes, while distinct differences in contact

occupancies and binding pocket conformations are observed between the E- and Z-isomers. Overall,

this study provides a consistent molecular level picture of how biliverdin isomers interact with

HSA and demonstrates a practical workflow for analysing flexible protein-ligand complexes by

combining molecular dynamics with interaction fingerprint clustering.

Keywords: albumin, biliverdin, bilirubin, molecular dynamics, clustering.

Introduction

Human serum albumin (HSA) is the main transport protein in blood plasma which carries

out an important task of binding and carrying a wide range of compounds, including fatty

acids, bile pigments, hormones, and many drugs [2]. Because of its flexible structure, albumin

can form stable complexes with ligands of different chemical nature, significantly influencing

their bioavailability, distribution, and metabolism in the organism [5, 9]. HSA is a monomeric

protein composed of three domains (I–III), and each domain is divided into two subdomains (A

and B). Several functionally important binding sites are located inside these domains (Fig. 1),

and the most studied ones are Sudlow site I and Sudlow site II in subdomains IIA and IIIA,

which are mainly associated with aromatic and hydrophobic ligands [10]. Albumin also contains

additional hydrophobic pockets and cavities (Fig. 1) that can bind large and flexible molecules,

and the protein conformation can adapt to the chemical nature of the ligand. Bilirubin and

biliverdin are endogenous bilins, tetrapyrrolic chromophores formed during heme catabolism.

Biliverdin is produced in the oxidative cleavage of heme by heme oxygenase and is then reduced

to bilirubin by biliverdin reductase. In blood plasma, bilirubin is almost completely bound

to albumin [21], which prevents its precipitation and toxic effects on tissues. The bilirubin

molecule is highly conformationally flexible, forms intramolecular hydrogen bonds [15], and can

exist in different isomeric forms, mainly as 15Z and 15E isomers (Fig. 1). Isomeric states of

bilin chromophores can significantly influence their physicochemical properties and the mode

of interaction with proteins, which is important both in biophysical and clinical contexts, for

example for phototherapy of hyperbilirubinemia [14].

Experimental studies of bilirubin binding to human serum albumin usually employ spec-

troscopic methods (such as fluorescence spectroscopy, circular dichroism, and absorption) and

kinetic measurements, which provide estimates of binding constants and confirm the presence
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(a) Different ligand binding sites in albumin,

the heme binding site is highlighted

(b) Structures of the main isomers of bilirubin

and biliverdin

Figure 1. Protein and ligands

of a high affinity bilirubin-albumin interaction [3, 14]. These approaches give important quanti-

tative parameters, but they have limited ability to resolve the three dimensional architecture of

the complex, to describe in detail the dynamic structural changes of the ligand and the protein

during binding, and to clarify the specific role of individual amino acid residues in complex

stabilization. In this work, we inspected the current state of structural data in the Protein Data

Bank (PDB), which contains many experimentally determined three dimensional structures of

human serum albumin complexes with different endogenous and exogenous ligands, including

fatty acids, steroid hormones, and various pharmacologically active molecules. At the same time,

structural data on albumin complexes with bilin chromophores are very limited. At present, the

only experimentally resolved atomic structure of a human serum albumin complex with biliru-

bin is the structure with PDB ID 2VUE, where albumin is crystallised with 4Z,15E bilirubin

IXα [28] (the identified binding site is highlighted in Fig. 1).

It was shown that in the albumin complex bilirubin is located in a deep, mainly hydrophobic

cavity formed by amino acid residues of subdomain IB. Structural analysis indicates that the

bilirubin binding disturbs the Sudlow site I region, but the geometry of the cavity and the inter-

action pattern differ significantly from typical albumin-drug complexes. In particular, bilirubin

adopts an extended and curved conformation inside the cavity, which requires local rearrange-

ment of amino acid side chains and demonstrates pronounced conformational plasticity of the

protein. Compared to complexes with fatty acids or small aromatic ligands, bilirubin interacts

with albumin not only through nonpolar contacts but also via hydrogen bonds with nearby polar

and charged residues, which stabilise its conformation in the bound state. The authors of the

crystallographic study clearly show [28] that under crystallisation conditions bilirubin binds in

one dominant site. However, they also note that several earlier studies suggest a more complex

binding behaviour that may include additional, lower affinity or transient binding modes. The

absence of direct structural observation of these states can be related to their low population

and high conformational mobility of the ligand; therefore, alternative bilirubin-albumin binding
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modes that may exist in solution remain outside the scope of experimental structural data but

can be explored by atomistic molecular modelling.

Spectroscopic studies have demonstrated that, like bilirubin, biliverdin can also bind to HSA,

thus affecting the intrinsic tryptophan fluorescence and influencing the binding of other ligands

by competition for the site [16, 26]. However, no experimentally resolved crystal structures of

HSA-biliverdin complexes are currently available in the literature, so the exact localisation and

binding pattern of biliverdin remain unknown.

Molecular modelling and molecular dynamics (MD) [27] simulations are now widely and

routinely used to study protein-ligand and protein-protein complexes. Nevertheless, existing

computational studies of albumin complexes with bilin chromophores are very limited [7, 19,

23]. These works usually rely on relatively short molecular dynamics trajectories and do not

include a systematic analysis of the ligand conformational ensemble and its interactions with

the protein. Modern microsecond scale atomistic models of HSA-bilirubin/biliverdin complexes,

with statistically reliable averaging over multiple trajectories, are not yet available. For this

reason, the application of current molecular modelling techniques to investigate the structure

and dynamics of the HSA-biliverdin complex is a relevant task. Such an approach can reveal

specific features of ligand conformational behaviour, differences between its isomeric forms, and

the key amino acid residues and interactions that determine the stability of the protein-ligand

complex. An additional important aspect is the development of a workflow that allows for

automated analysis of such protein-ligand systems. The article is organized as follows. First, we

describe the molecular model setup for the HSA-biliverdin system followed by a description of

the molecular dynamics protocol. The analysis and discussion of the obtained results is carried

out with both statistical approaches and machine learning algorithms.

1. Protein-Ligand Complex Model Setup

As the starting structure for our model, we used the heavy atom coordinates from the

Protein Data Bank entry 2VUE [28], since bilirubin is the ligand most similar in structure to

biliverdin and no HSA-biliverdin structures are available in the PDB. Using HSA structures

with small ligands as starting points was considered problematic, because docking of extended

and flexible tetrapyrrolic ligands is a nontrivial task, especially when taking into account the

intrinsic mobility of the albumin structure. In the original crystal structure, a region with missing

electron density corresponding to residues 79–88 is present. Although this fragment is not part

of the bilirubin binding site and does not directly affect complex formation, it was rebuilt using

the tools of the Rosetta molecular modelling package [1]. Since PDB ID 2VUE contains only

a small number of crystallographic water molecules, we performed additional solvation with

the Dowser++ program [20], which is designed to predict energetically favourable positions of

water molecules in protein cavities. A total of 365 water molecules were placed in the structure

according to predicted positions.

We used the CHARMM36m [12] force field to describe HSA, since it is widely applied

for protein simulations and provides good accuracy for structural and dynamical properties.

Parameters for bilirubin were generated with the CHARMM general force field CGenFF [25],

which is designed for small organic molecules within the CHARMM framework. Because of the

high conformational flexibility of biliverdin and the lack of previously published parameters, we

performed an additional validation of the CGenFF parameters. For this purpose, we prepared a

separate test system containing a single biliverdin molecule embedded in a box of 200 TIP3 water
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molecules. The biliverdin structure was first optimised at the molecular mechanics level and

then refined by a hybrid QM/MM approach using the NAMD/TeraChem software and modified

interface [18, 24]. The QM part comprised the biliverdin molecule, while water molecules were

treated by molecular mechanics. QM part was computed with the wB97X D3/6 31G** [17] level

of theory. The good agreement between the optimised geometries indicates that the selected

parameters provide an adequate description of biliverdin.

The complete simulation system was assembled with the PSFGEN module of VMD [13]. Pro-

tonation of amino acid side chains was carried out according to a neutral pH: histidine residues

were treated as neutral, aspartate and glutamate residues as deprotonated, lysine and arginine

residues were protonated. Disulfide bridges were manually introduced between the following

cysteine residue pairs: 53–62, 75–91, 90–101, 124–169, 168–177, 200–246, 245–253, 265–279,

278–289, 316–361, 360–369, 392–438, 437–448, 461–477, 476–487, 514–559, and 558–567. The

protonated HSA-biliverdin complex, including the predicted structural water molecules, was

then placed in a cubic simulation water box such that the minimum distance from any protein

atom to the box boundary was at least 10 Å. To mimic physiological conditions, sodium and

chloride ions were added to reach a NaCl concentration of 0.15 mol/L, and their total number

was adjusted to ensure overall charge neutrality of the system.

2. Molecular Dynamics Protocol

Molecular dynamics simulations were performed with the NAMD software version 3.0.2 [22].

Model systems were simulated in the isothermal-isobaric ensemble (NPT, P = 1 atm, T = 300 K)

using Langevin dynamics. The SHAKE and SETTLE algorithms were utilized to constraint

bonds involving hydrogen atoms, which allowed for the use of 2 fs integration time step. Periodic

boundary conditions were enforced: long range electrostatic interactions were treated by the

particle mesh Ewald algorithm, and a cutoff of 12 Åwas applied for exact electrostatics.

The equilibration protocol consisted of several consecutive stages. In the first stage, only

the solvent was relaxed, while the coordinates of the protein and ligand were kept fully fixed

for 5 ns, in order to remove unfavourable contacts of water with the protein and ligand surface.

Next, the fixed positional constraints were replaced by harmonic restraints with a force constant

of 1 kcal/(mol·Å2) applied to all heavy atoms of the protein and biliverdin for the next 10 ns of

simulation to allow for a “soft” start. In the production stage, all constraints were removed except

for harmonic restraints with the same force constant applied to the Cα atoms of five N terminal

and five C terminal residues of the protein chain, which were used to prevent global drift of the

protein and excessive motion of termini.

To study the dynamics of the HSA-biliverdin complex, several independent molecular dy-

namics trajectories for different isomeric forms of the ligand were computed. For the 15E isomer,

which corresponds to the configuration present in the PDB ID 2VUE crystal structure [28], four

independent trajectories were calculated, and four trajectories were also obtained for the native

15Z isomer. Each trajectory was 18 hundred nanoseconds long, thus the total simulation time

exceeded 14 µs. The use of multiple independent trajectories provided statistically meaningful

averaging and a more complete description of the conformational ensemble of the protein-ligand

complex.
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3. Results and Discussion

To enable the analysis of molecular dynamics trajectories, we first aligned all frames to

the protein backbone, which removes the effect of global protein motions and allows focusing

on local dynamics of the complex. However, the total amount of data included hundreds of

thousands of frames, so manual inspection of such volume is not possible even for a human

expert. Therefore, we applied computational methods to extract useful information from the

molecular statistics, including analysis of ligand conformations, mobility of protein residues,

and protein-ligand contacts. The root-mean-square deviation (RMSD) values for the protein

backbone in the E and Z models were 3.25 ± 0.67 Å and 3.68 ± 0.77 Å, respectively, while for

heavy atoms of biliverdin they were 3.49 ± 1.05 Å and 3.44 ± 0.68 Å. The calculated RMSF

values per protein residue are shown in Fig. 2, and per atom groups of biliverdin – in Fig. 3. The

Figure 2. Protein residues RMSF values for the E- and Z-models.
The original ligand pocket is highlighted

Figure 3. RMSF values for different atom groups of biliverdin

most noticeable difference between the models is observed in the RMSF of residue Arg114 in the

chromophore pocket, located on the loop connecting parts of domain I (IA and IB), as well as

ring C of biliverdin – however, this information is clearly not enough for comparative evaluation

of the models. The most direct and simple method to assess conformational diversity of the

studied complexes is QT-clustering [6] (Quality Threshold Clustering) implemented in VMD [13],

which can be performed based on RMSD of heavy atoms of the ligand and surrounding amino

acid residues. Unfortunately, since biliverdin is a rather flexible ligand and its conformation and

position in the protein pocket change significantly along the trajectories, this simple method did

not yield satisfactory results – a more precise tool is required to identify patterns of protein-

ligand contacts.
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Therefore, to detect key interactions of biliverdin with HSA amino acid residues, we used

the MDAnalysis [11] package together with the ProLIF module [4]. The algorithm allows for

efficient extraction and analysis of various contact descriptors for long MD trajectories. Specifi-

cally: Anionic – an interaction where the ligand acts as an anion (negatively charged) and the

protein residue as a cation (for example, interaction of the ligand carboxyl group with lysine

or arginine); HBDonor – the ligand donates a proton in a hydrogen bond, while the protein

accepts it; HBAcceptor – the ligand has an electronegative atom with a lone pair that attracts

hydrogen from the protein; Hydrophobic – hydrophobic contacts between nonpolar atoms (car-

bon, sulfur, halogens), recorded by default at interatomic distances up to 4.5Å; PiCation –

interaction between a positively charged group and an aromatic ring; VdWContact – the least

specific descriptor that records simple approach of any atoms to the sum of their van der Waals

radii with a small tolerance. The detected contacts are shown schematically in Fig. 4, where the

colour coding corresponds to the different interaction types described above (VdWContact –

golden, PiCation – purple, HBDonor/Acceptor – blue, Anionic – dark blue), the line thickness

reflects contact frequency, and contacts observed in less than 20% of trajectory frames were

excluded from the scheme. The schemes in Fig. 4 show that several charged residues (Glu141,

(a) E-system

(b) Z-system

Figure 4. Schematic representation of protein-ligand contacts detected in the molecular
dynamics trajectories

Arg114/117/145/186, Lys190) and aliphatic residues (Val116, Leu115/182, Pro118, Ile142), as

well as aromatic residues of the protein (Tyr138/161, Phe134/149/157), make contacts with

both 15Z and 15E biliverdin. These data are quantified in Tab. 1 and Tab. 2, which list the most

similar and most different contacts between the systems, considering the average occupancy

based on the score. The score is calculated in percent as the average occupancy multiplied either

by the distance from the modulus of occupancy difference to unity (Tab. 1) or by the modulus

of occupancy difference (Tab. 2). Although this type of analysis reveals both average similar

and average different interactions with residues of the protein chromophore pocket, it still does

not provide a clear description of conformational diversity in the systems and does not allow for

selection of representative structures for further comparative analysis. Therefore, we performed

clustering based on the extracted contact data.
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Table 1. Top score similar contacts along the trajectories for albumin model systems
with 15E- and 15Z-biliverdin isomers

residue His146 Ile142 Phe149 Lys190 Tyr138 Arg186 Pro118 Arg117 Phe157 Leu115

E occ 95 99 91 84 84 77 72 74 66 58

Z occ 97 94 97 91 81 93 83 95 83 58

score 93 92 88 81 80 72 69 67 61 58

Table 2. Top score different contacts along the trajectories for albumin model systems
with 15E- and 15Z-biliverdin isomers

residue Glu141 Tyr161 Met123 Arg117 Arg186 Tyr161 Phe157 Tyr138

E occ 91 43 54 71 55 66 66 92

Z occ 36 78 84 95 77 38 83 79

score 35 21 21 20 15 14 13 11

For each system, we selected a subset of frames by uniform subsampling to limit the total

number of analysed frames to 3000. For each selected frame, a binary interaction fingerprint

describing ligand-protein contacts was computed using the ProLIF framework, which produces

a bit vector encoding the presence or absence of specific interaction types between the ligand

and protein residues. Pairwise similarity between fingerprints was quantified with the Tanimoto

coefficient, and a distance matrix was constructed as dij = 1 − Sij . Hierarchical agglomerative

clustering was carried out using the complete linkage method. The optimal number of clusters

was found by maximising the silhouette score over cluster numbers from 2 to 11. For each cluster,

the population was calculated as the fraction of frames assigned to that cluster. A representative

frame was taken as the structure with maximum total similarity to all other frames in the same

cluster; these structures were utilized for visualisation. The process resulted in 4 clusters for the

E-system and 5 for the Z-system, with populations of 0.25, 0.37, 0.15, 0.23 and 0.47, 0.12, 0.04,

0.22, 0.15 for the E- and Z-system, respectively. These populations indicate significant confor-

mational diversity for the Z-isomer, where the dominant cluster accounts for less than half of

all frames, while for the E-isomer the main cluster is close to one third of frames. Alignment of

representative frames from molecular dynamic simulations for both systems is shown in Fig. 5

and Fig. 6, black arrows indicate residues that considerably change spatial location. The per-

formed analysis reveals significant conformational diversity both between the E- and Z-systems

and within each of these systems. For example, in the most populated clusters of the E-system

(cluster 2 [0.37] and cluster 1 [0.25]), the main differences (modulus of contact occupancy differ-

ence over 0.5) are observed for contacts with Arg114 (0.7), Met123 (0.6), Phe134 (0.7), Lys137

(0.6), Tyr138 (1.0), Phe157 (0.9), Tyr161 (0.7), Leu179 (0.6), and Leu182 (0.9). Similar values

for the Z-system clusters (1 [0.47] and 4 [0.22]) include: Asn111 (0.7), Pro113 (0.6), Arg114

(1.0), Leu115 (1.0), Val116 (0.5), Arg117 (0.9), Lys137 (0.5), Tyr138 (0.7), Arg145 (1.0), His146

(0.6), Leu182 (0.6), Arg186 (0.8), Lys190 (1.0), Lys519 (0.7), Glu520 (0.8), Ile523 (0.6). When

comparing the most populated clusters between E (2 [0.37]) and Z (1 [0.47]) systems, the largest

absolute differences in contact frequencies were found for Glu141 (0.7), Leu115 (0.6), Leu179

(0.6), Met123 (0.6), and Tyr161 (0.6). Since we believe in the importance of transparency and

reproducibility for any computational publication, including this work, the complete workflow

used here, as well as the trajectory data and representative frames, are available in the public

Zenodo repository [8].
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(a) Alignment of entire structures by

protein backbone

(b) Amino acid residues that interact

with biliverdin

Figure 5. E-system representative frames from clustering

(a) Amino acid residues that interact

with biliverdin

(b) Biliverdin molecules in the aligned

structures

Figure 6. Z-system representative frames from clustering
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Conclusion

In this work we calculated a set of long molecular dynamics trajectories of the human

serum albumin complex with the biliverdin ligand. A thorough analysis of the trajectories was

conducted for both 15E- and 15Z-biliverdin isomers showing that biliverdin remains located in

the original albumin bilirubin cavity as defined in the PDB ID 2VUE experimental structure

throughout the simulation. The biliverdin ligand demonstrates significant positional fluctuations

within the cavity and adopts different conformations for both isomeric forms of biliverdin, 15E

and 15Z. Examination of the protein-ligand contact network along the trajectories revealed top

similar and top different contacts for both model systems. Hierarchical agglomerative clustering

based on the pairwise similarity between fingerprints allowed us to quantify not only differences

between the binding modes of the isomers but also substantial variation of contacts within indi-

vidual trajectories and extract representative frames for structural comparison. Therefore, the

molecular modeling methods and trajectory analysis techniques applied here can be used in

future studies to model properties such as absorption spectra of protein-ligand systems, since

accurate prediction of these properties requires consideration of the full conformational ensemble

rather than a single structure. The computational workflow we developed, based on the MDAnal-

ysis and ProLIF libraries, simplifies the analysis of protein-ligand system molecular dynamics

trajectories. The workflow is available free of charge in the public Zenodo repository [8].
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MPI+OpenMP Implementation of Resolution-of-the-Identity
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of Three-Center Electron Repulsion Integrals
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We report a high-performance implementation of the resolution-of-the-identity Hartree—Fock
method that fully exploits the permutational symmetry of three-center electron repulsion integrals
(ERIs). The present implementation adopts a hybrid MPI+OpenMP parallelization strategy. Two
different algorithmic approaches (with and without the preliminary transformation of ERIs) are
analyzed and compared. A custom data layout introduced previously is employed. Designed to
efficiently leverage the permutational symmetry of ERIs, it minimizes not only inter-node commu-
nication but also local memory traffic. Other extensive low-level and algorithmic optimizations are
proposed and discussed. Reasonable parallel scaling is demonstrated by performance benchmarks
on a chlorophyll dimer (C55H72O5N4Mg)2 in an aqueous environment of 48 molecules (322 atoms
overall, 3700 and 11896 functions in main and auxiliary basis sets, respectively). Peak speedups
of 84× and 71× on 128 threads are achieved for the ERI calculation and the exchange matrix
construction, respectively, within the algorithm involving the preliminary transformation.

Keywords: restricted Hartree—Fock method, resolution-of-the-identity, density fitting, three-
center electron repulsion integrals, MPI, OpenMP.

Introduction

The Hartree—Fock (HF) method, also known as the self-consistent field (SCF) method [8],
is a basic approach to solving the many-body electronic structure problem in modern quantum
chemistry. It serves both as a starting point for more advanced electron correlation methods
and as a conceptual and software base for density functional theory (DFT). The computational
complexity of a straightforward SCF algorithm scales as O(N4) with a system of N atoms, and
numerous computational techniques and their program implementations with reduced scaling
were proposed in the last decades to overcome this SCF deficiency. One of the most prominent
modern approaches is the resolution-of-the-identity (RI) approximation, also known as the den-
sity fitting technique (DF) [4, 5, 9, 10, 12, 15, 16, 20, 28, 30, 31, 33, 34, 36, 38, 39, 42, 44, 47, 49].
Working expressions of the RI-HF theory employ three- and two-center electron repulsion inte-
grals (ERIs) defined as

(µν|B) =

∫
χµ(r1)χν(r1)φB(r2)

|r1 − r2|
dr1dr2, (1)

VBC =

∫
φB(r1)φC(r2)

|r1 − r2|
dr1dr2, (2)

where the basis functions χµ, µ = 1, . . . , NAO and the auxiliary basis functions φB,
B = 1, . . . , Naux are typically represented by atom-centered Gaussian-type orbitals (atomic or-
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bitals, AOs). Array (1) is also referred to as RI tensor. In addition to reducing the computational
scaling of the SCF method to O(Nα) (α ∈ [3.0, 4.0)), the RI approximation allows one to store
all ERIs (including (µν|B)) in local or distributed random access memory (RAM) for most prac-
tical problems of interest [15, 39, 45] as well as aggregate high-performance tensor contraction
engines (such as BLAS [3] libraries) and hardware accelerators (such as GPUs [4, 5, 42, 53]).

The first distributed RI-SCF implementation [12] stored all ERIs (1) to disk using a compres-
sion. Then the integrals were fully unpacked at each SCF iteration and computations with dense
tensors were performed. Up to now, permutational symmetry of (µν|B) with respect to indices µ
and ν was accounted for only to efficienly store the RI tensor in memory. In the recently reported
implementation presented by our group [25] it was also exploited for the Fock matrix assembly
stage, although at the cost of additional technical complications. There are other challenges as
well. For example, for systems consisting of hundreds of atoms conventional HF calculations (not
employing the RI approximation) can be even faster than those using RI-HF [22]. It is because of
difficulties to deal with the sparsity of intermediate arrays within RI-SCF procedure, while the
scaling of the straightforward “conventional” HF approach can be reduced to O(N2), if one em-
ploys a proper integral screening [7, 14, 18]. Other issues are the lack of GPU-accelerated RI-HF
implementations [4, 5, 42, 53] and of massively-parallel implementations of the two-component
quasirelativistic RI-SCF method.

Our goal is to gradually fill the specified gaps within the new BUFO program package for
quantum chemistry simulations. This paper reflects the current status of our progress and summa-
rizes several previous developments [25–27] aimed at the efficient parallel implementation of the
RI-HF method. Careful benchmarking of parallel algorithms for electronic structure calculations
is instrumental in achieving the best performance of supercomputer systems [41]. Here we present
two different MPI+OpenMP algorithms of the RI-HF method and conduct performance tests
using two HPC systems: a 2-socket server with shared memory and a 32-node supercomputer
with distributed memory. The key feature of the presented implementation is storing three-center
ERIs (1) in the distributed RAM using the permutationally-adapted memory layout in order to
minimize not only communications between processes, but also local memory movement [25].

The paper is organized as follows. Section 1 outlines the theoretical background of the spin-
restricted RI-HF method. Different approaches for its implementation for distributed memory
architectures and actual algorithms are described in Section 2. In Section 3 we highlight the
parallel computers employed to test the scalability of the developed implementations and also
describe molecular system for benchmark calculations in details. Results are presented in Sec-
tion 4. Conclusion provides some remarks and specifies future directions of work.

1. Theoretical Background

Throughout this paper, we adopt the following index labeling conventions:
1. i: occupied molecular orbitals, with range Nocc;
2. µ, ν, ρ, σ: atomic basis functions (AOs), with range NAO;
3. A, B, P : auxiliary RI basis functions, with range Naux.

For the sake of simplicity, restricted Hartree—Fock (RHF) theory is considered further,
though our approaches can be extended to unrestricted and two-component quasirelativistic
version of the method as well. The primary goal of the SCF algorithm is to determine expansion
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coefficients Ciµ defining spatial molecular orbitals (MOs) ϕi(r),

ϕi(r) =

NAO∑

µ=1

Ciµχµ(r). (3)

The coefficients Ciµ are needed to construct density matrix Dµν

Dµν = 2

Nocc∑

i=1

CiµCiν . (4)

These coefficients are obtained by diagonalizing the Fock matrix Fµν

Fµν = hµν + Jµν −Kµν , (5)

where hµν stands for the core Hamiltonian. The Coulomb and exchange matrices Jµν and Kµν

within the RI approximation are constructed according to the expressions

Jµν =

NAO∑

ρ,σ

Naux∑

B,C

Dρσ(µν|B)V −1
BC(C|ρσ), (6)

Kµν =
1

2

Nocc∑

i

NAO∑

ρ,σ

Naux∑

B,C

CiσCiρ(µσ|B)V −1
BC(C|ρν). (7)

The V −1
BC matrix is a symmetric positive definite matrix, so it can be factorized using the

Cholesky decomposition with factor LBP . The latter can be used to transform three-center ERIs

˜(µν|P ) =

Naux∑

B

(µν|B)LBP (8)

in order to get simplified expressions for Coulomb and exchange matrices

Jµν =

NAO∑

ρ,σ

Naux∑

P

Dρσ
˜(µν|P ) ˜(P |ρσ), (9)

Kµν =
1

2

Nocc∑

i

NAO∑

ρ,σ

Naux∑

P

CiσCiρ ˜(µσ|P ) ˜(P |ρν). (10)

2. Algorithm Design

2.1. High-Level Description

In this work, two different implementations of the RI-RHF method are presented. The first
(RI-JK) refers to Eqs. (6) and (7) further, while the second one (RI-TJK) to Eqs. (9) and (10).
Corresponding high-level view to both algorithms is sketched in Algorithm 1, so they are com-
posed of stages:
• (line 1) scheduling of integration;
• (line 2) calculating ERIs: note that we adopt the row-major ordering convention in this

work, so the last index is the fastest-varying; two algorithms initially store three-center
ERIs using different layouts; the upper index p identifies the dimension being partitioned
between processes;

MPI+OpenMP Implementation of Resolution-of-the-Identity Hartree—Fock Method ...
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• (line 3) performing the transformation (8) and the global transposition of ˜(µν|B) only in
case of the RI-TJK (i.e., ˜(B|µν) ≡ (B|µν) for the RI-JK) and calculating the inverse V −1

BC

and its Cholesky decomposition LBC for both algorithms;
• (line 4) SCF procedure.
Each step is discussed in detail in the following subsections. However, the focus is on the

three-center ERIs, as they constitute the core of the RI approximation.

2.2. Scheduling ERIs Calculation

First of all, let us note that modern highly efficient libraries for the calculation of integrals
(like those used in this work libcint [43] and libgrpp [37]) operate on shells of basis functions,
where the shell groups functions sharing the same exponent and angular momentum. We will
further assume that NAO basis functions are grouped into N sh

AO shells, while Naux functions into
N sh

aux.
Scheduling is needed to overcome challenges of the integration:
• computational workload balancing;
• fixed pattern of storing integrals.
The better the first one is resolved, the better scalability would be achieved. Then it seems

that all (N sh
AO)2N sh

aux triplets of shells should be distributed dynamically between processes. Al-
though this approach can easily lead to O(N2

AONaux) communication volume. However, dealing
with the second challenge allows to reduce this communication, while imposing restrictions on
the granularity of the distribution of shell triplets. Now, these triplets should be grouped in order
to fill the whole block of the RI tensor. These blocks are composed of subblocks depicted in Fig. 1
as regions bounded by red lines (note that integrals are stored row-wise). So, depending on the
algorithm, the blocks can be:
• Groups of rows of size Naux in case of the RI-JK (see Fig. 1a). Note that red lines in Fig. 1a

also show removed rows (they are removed in order to store permutationally-unique inte-
grals only).
• Groups of triangles of the matrix NAO × NAO in case of the RI-TJK (see Fig. 1b). The

calculation in this case may start and proceed from either upper or lower triangle. Each
group is formed appropriately.

Thus, either N sh
AO (or even (N sh

AO)2) or N sh
aux basis shells can be distributed initially in a static

manner like in this work: a shell of N sh
AO or N sh

aux composed of the largest number of functions
is identified and pushed to the process task queue with the smallest current number of ERIs
expected to be calculated. This distribution provides predictable data placement of integrals in
memory and a compromise between task granularity and subsequent communication volume.
As a result of scheduling stage, shells are specifically ordered in the global workspace, so the

Algorithm 1 RI-RHF method

Input: Number of main basis shells: N sh
AO; number of auxiliary basis shells: N sh

aux

Output: Coefficients of MOs (Eq. (3)): Ciµ
1: scheduler, ordAO, ordaux ← ScheduleGlobalIntegrationShellOrder(N sh

AO, N
sh
aux)

2: hµν , (µ(p)ν|B) or (B(p)|µν), VBC ← CalculateERIs(scheduler, ordAO, ordaux)
3: ˜(B(p)|µν), V −1

BC , LBC ← TransformERIs((µ(p)ν|B) or (B(p)|µν), VBC)
4: Ciµ ← SCFProcedure(hµν , ˜(µν|B(p)), V −1

BC , LBC)
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(a) Row-majored (µν|B). Nl is the size of the shell µl;
µ is the number of the first function from µl in the basis

(b) Permutationally-adapted (B|µν).
Nl is the size of the shell Bl

Figure 1. Memory layout of the RI tensor (1) and scheme of ERI calculation in batches

corresponding ordAO and ordaux arrays of them are returned to perform integration (Alg. 1,
line 1) within CalculateERIs function (Alg. 1, line 2).

Ideally, the dynamic scheduler should also be returned and then passed to CalculateERIs
function to balance computational workload during calculation (especially if prescreening tech-
niques are applied [21, 48]). It is not so easy to implement such a scheduler efficiently. Dif-
ferent approaches are tried within conventional HF [1, 11, 17, 23, 35, 54] and RI-HF calcula-
tions [6, 12, 42]. The best algorithms should combine the features of static and dynamic load-
balancing. Nevertheless, our research does not focus on dynamic scheduling only proposing and
discussing suitable granularity and initial distribution.

2.3. Calculation of Three-Center ERIs

After distributing shellsN sh
AO orN sh

aux between processes, each process p has a number of shells
either µl ∈ {µ(p)l0 . . . µ

(p)
ln
} in case of RI-JK or Bl ∈ {B(p)

l0
. . . B

(p)
ln
} in case of RI-TJK (in both cases

n = n(p), so it depends on initial static distribution of shells). These sets were extracted from the
ordAO and ordaux arrays. Each shell represents the specific task of performing integration and
filling the corresponding subblock of the RI tensor (see Fig. 1: the arrows indicate the progress
of filling the RI tensor by batches, shown as rectangles and triangles). Both algorithms have a
similar structure that is described in Algorithm 2 for the first of them. For each shell µl (line 1)
or Bl of size Nl either (NAO − µ)Nl − (Nl − 1)Nl/2 rows5 (line 2) or Nl/2 +Nl%2 triangles6 of
the RI tensor should be filled with integrals, respectively. Then a block of size rows or triangles

5µ is the number of the first function from the shell µl in basis
6“%” represents the remainder of the division
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Algorithm 2 Calculation of three-center ERIs (1)

Input: initial main basis shells distribuiton {µ(p)l0 . . . µ
(p)
ln
} on given process p; number of

main basis shells: N sh
AO; number of auxiliary basis shells: N sh

aux

Output: (µ(p)ν|B), µ ≤ ν
1: for µl ∈ {µ(p)l0 . . . µ

(p)
ln
} do

2: size ← GetBlockSize(µl)
3: for νl ∈ {µl . . . N sh

AO}, Bl ∈ {0 . . . N sh
aux} do in parallel (OMP)

4: batch ← CalculateBatchERIs(µl, νl, Bl)
5: (µν|B(p)) ← PlaceBatchERIsToRITensor((µν|B(p)), batch, offset, µl, νl, Bl)
6: end for
7: offset ← UpdateOffset(size)
8: end for

corresponding to shell µl or Bl is filled in the for loop (lines 3–6) parallelized using dynamic
OpenMP policy in current implementations. Finally, after the block is ended, the offset is
updated (line 7) to continue filling from the correct new position. For the first algorithm it is
just increased by size, while for the second one lower or upper triangle should be identified as
well in order to proceed.

Precise compromise between task granularity and subsequent communication volume can be
achieved through grouping shells from external for loop (line 1) as well as tiling of the nested
for loops (line 3), e.g., in a way that task would be characterized not only by shell number µl
or Bl, but also by groups {µ(p)lg1 . . . µ

(p)
lgn
} or {B(p)

lg1
. . . B

(p)
lgn
} as well as by tiles {ν(p)lt1

. . . ν
(p)
ltn
} or

{µ(p)lt1 . . . µ
(p)
ltn
}, respectively. Work on each task or even on several of them can be parallelized

using OpenMP more efficiently then.
As a result of the algorithms part of the three-center ERIs is stored in process p memory.

This part is (µ(p)ν|B) for RI-TJK and (B(p)|µν) for RI-JK. However, three-center ERIs are not
distributed evenly between computational nodes by default. This is because the integration was
scheduled by shells. Ideally, additional balancing of the three-center ERIs distribution during
or after integration is needed for maximum efficiency of program execution, although it will be
implemented in the future.

Finally, note that the proposed algorithms are easily adaptable to dynamic workflow: shell
µl or Bl can be pushed to or extracted from the task queue (in fact, noted as {µ(p)l0 . . . µ

(p)
ln
} or

{B(p)
l0
. . . B

(p)
ln
} above) of the process p. This is also true for tasks created in a more complex

manner.

2.4. Transformation and Transposition of ERIs

Before starting the SCF procedure, three-center integrals are stored either using permu-
tationally-unique row-major or permutationally-adapted format (see Fig. 1). The purpose of
the transformation (8) is to simplify subsequent SCF computations. In turn, this transforma-
tion requires N2

AON
2
aux arithmetic operations and subsequent distributed transposition of the

NAO(NAO + 1)/2 × Naux matrix. In contrast, the alternative algorithm performs distributed
transposition of the NoccNAO × Naux matrix and NoccNAON

2
aux arithmetic operations subse-

quently in each iteration of the SCF during the construction of the exchange matrix. Thus, the
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Algorithm 3 Transformation of three-center ERIs

Input: non-transformed row-majored three-center integrals (µν|B(p)) (1); Cholesky factor
LBP of V −1

BC (see Eq. (2)); initial distribution of rows (µ⊗ ν)(p) . . . (µ⊗ ν)(p+1) on process p;
size of the main basis NAO; size of the auxiliary basis Naux

Output: ˜(P (p)|µν), µ ≤ ν
1: for (µ⊗ ν) = (µ⊗ ν)(p) . . . (µ⊗ ν)(p+1) do in parallel (OMP)
2: ˜(µν|P (p)) ← TRMM[(µν|B(p)), LBP ]
3: end for
4: ˜(P (p)|µν) ← ˜(µν|P (p))

5: for P = P (p)/2 . . . P (p+1)/2 do in parallel (OMP)
6: reshape 2⊗NAO(NAO + 1)/2 of ˜(2P |µν) into NAO ⊗ (NAO + 1)

7: end for

transformation (8) is justified if the transposition of NAO(NAO + 1)/2×Naux matrix is not the
bottleneck and the number of SCF iterations is large enough.

The transformation and the transposition of three-center ERIs are described in Algorithm 3.
The integrals were calculated and stored in rows of size Naux in the previous stage (Fig. 1a), so
now each row can be transformed according to Eq. (8). The corresponding iterations are shown
in lines 1–3. They are parallelized with OpenMP. The matrix product is evaluated using the
BLAS TRMM routine (line 2). Alternatively to parallelizing for loop, each TRMM operation can
be parallelized as well. Then the whole RI tensor is transposed (line 4), so the column-majored
RI tensor is obtained. To be stored using permutationally-adapted layout, finally, in lines 5–7
transformed integrals are reshaped into NAO×(NAO +1) matrices composed of a pair of triangles
(Fig. 1b). If N (p)

aux is odd, one of the last block triangles is simply filled with zeros.
Note that the algorithm can be greatly optimized by communication computation overlap:

for loop in lines 1–3 can be divided into rounds, and at the end of each round transformed
integrals can be put to the memory of other processes as well as got by given process. Thus,
data transfer within the transposition (line 4) would also be divided into rounds being included
in for loop. The optimal partition of this loop is such that one can perform a computation
throughout the time of the message passing. Communication and computation would also be
significantly reduced if three-center ERIs sparsity was taken into account. Finally, note that
the overall message passing during the whole program execution might not be minimal if the
transposition after the transformation (8) is performed, because it affects the amount of memory
to be communicated within the SCF procedure. So, some checks need to be done in the future.

2.5. SCF Procedure

The SCF procedure is structured as always: calculation of Coulomb and exchange matrices
(Eqs. (6) or (9) and (7) or (10)), construction of the Fock matrix (5) and its diagonalization
to obtain molecular orbital expansion coefficients (3). Replicated data approaches as well as
distributed ones are possible. For now, our implementations follow the replicated baseline for
all objects except the RI tensor (1), which is evenly (or almost evenly) distributed between the
computational nodes. The diagonalization of the Fock matrix is performed locally using OpenMP
(although it can be implemented with MPI using libraries such as ELPA [32]). Note that iterative
diagonalization methods such as Davidson or Lanczos [52] (and refs. therein) can be employed
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Figure 2. RI tensor representation for contractions within RI-J or RI-TJ (Alg. 4)

Algorithm 4 Coulomb matrix construction according to Eq. (6)

Input: permutationally-adapted three-center integrals (B(p)|µν) (1) (or ˜(B(p)|µν) (8)); den-
sity matrix Dµν (4); inverse V −1

BC of two-center integrals VBC (2); size of the main basis NAO;
size of the auxiliary basis Naux

Output: Jµν , ν ≤ µ (lower triangle)
1: for µ = 1, NAO do in parallel (OMP)
2: V

(p)
Blo
← GEMV[(B(p)

lo |µν), Dµν ], 0 ≤ ν ≤ µ
3: V

(p)
Bup
← GEMV[(B(p)

up |µν), Dµν ], µ ≤ ν ≤ NAO

4: end for
5: ṼC ← GEMV[

(
V −1
BC

)(p), V (p)
B ]

6: Ṽ
(p)
C ← reduce (ṼC) (MPI)

7: for µ = 1, NAO do in parallel (OMP)
8: J

(p)
µν ← GEMV[(C(p)

lo |µν), Ṽ (p)
lo ], 0 ≤ ν ≤ µ

9: J
(p)
νµ ← GEMV[(C(p)

up |µν), Ṽ (p)
up ], µ ≤ ν ≤ NAO

10: end for
11: Jµν ← Allreduce[J (p)

µν ] (MPI)

instead of full diagonalization. But let us focus on the calculation of the Coulomb and exchange
matrices as the RI approximation is applied exactly here.

Algorithm 4 outlines the construction of the Coulomb matrix according to Eq. (6) (RI-J).
The alternative algorithm (RI-TJ) can be obtained by removing lines 5 and 6, so it requires
less communication. The layout used introduces some additional difficulties compared to the
straightforward implementation of the algorithm. Figure 2 presents two subblocks of the RI tensor
to be contracted within the current iteration of the for loop in lines 1–4. These computations are
parallelized using OpenMP. Lines 2 and 3 specify the axis for contraction. Elements of the first
subblock are placed in lower triangles, while those of the second one are placed in upper triangles
(see Figures 1b, 2 and 3). This fact is reflected by the lower indices “lo” and “up” of the auxiliary
dimension index B(p). The step results into the local part of the intermediate vector V (p)

B on each
process p. For vectorization purposes, it is better to store elements of this subvector with “lo”
and “up” indices separately (combining them further if needed). Next, V (p)

B is contracted with
the local submatrix (V −1

BC)(p) obtaining the partial sum of another entire intermediate vector ṼC
(line 5). The local parts Ṽ (p)

C of ṼC are then accumulated using the MPI reduce routine according
to the initial partition along the auxiliary basis dimension B(p) (line 6). Lines 7–10 again refer to
the subblocks shown in Fig. 2. Now, columns of these subblocks are contracted with Ṽ (p)

C , forming
a partial sum J

(p)
µν . The “lo” and “up” indices were again involved. Note that for vectorization

purposes in line 9 the upper term of J (p)
µν can be used (instead of the current approach). for loop
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Figure 3. RI tensor representation for contractions within RI-K or RI-TK (Alg. 5)

Algorithm 5 Exchange matrix construction according to Eq. (7)

Input: permutationally-adapted three-center integrals (B(p)|µν) (1) (or ˜(P (p)|µν) (8)); MOs
coefficients Ciσ (3); Cholesky factor LBP of V −1

BC (see Eq. (2)); size of the main basis NAO;
size of the auxiliary basis Naux

Output: Kµν , ν ≤ µ (lower triangle)
1: for B = B(p)/2 . . . B(p+1)/2 do in parallel (OMP)
2: (2B|iµ) ← SYMM[Ciσ, (2B|σµ)]
3: (2B + 1|iµ) ← SYMM[Ciσ, (2B + 1|σµ)]
4: end for
5: (µi(p)|B) ← (B(p)|iµ)

6: ˜(µi(p)|P ) ← TRMM[(µi(p)|B), LBP ]
7: K

(p)
µν ← SYRK[ ˜(µi(p)|P )]

8: Kµν ← Allreduce[K(p)
µν ] (MPI)

is parallelized with OpenMP again. Finally, all processes obtain the Coulomb matrix through
the MPI Allreduce routine.

Algorithm 5 outlines the construction of the exchange matrix according to Eq. (7) (RI-K).
The alternative algorithm (RI-TK) can be obtained just by removing lines 5 and 6, although the
difference is also that the BLAS SYRK routine would be applied to the intermediate tensor part
˜(P (p)|iµ) instead of ˜(µi(p)|P ). Figure 3 shows a pair of triangles of the RI tensor to be contracted

within the current iteration of the for loop in lines 1–4, parallelized using OpenMP. If the last
triangle is zero-valued, it is more convenient to process the corresponding pair out of the for
loop. After computations on lines 1–4, global transposition is done (line 5) in order to optimally
perform contraction of the intermediate tensor with Cholesky factor LBP of V −1

BC (line 6). The
partial sum of Kµν is then obtained in line 7. Finally, all processes obtain an exchange matrix
using the MPI Allreduce routine.

Algorithm 4 can be optimized by overlapping computation in line 5 with communication in
line 6, although it is actual for a large number of processes. Algorithm 5 can also be modified in
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this way by overlapping computation in lines 1–4 with communication in line 5. Both algorithms
can be optimized using only lower triangles of symmetric matrices Jµν and Kµν for the final
Allreduce operation. The latter can also overlap with the previous computations. All of these
modifications are to be implemented in the future, as well as the optimization of Algorithm 3.

3. Computational Details

The MPI+OpenMP algorithms described in the previous section were implemented in the
BUFO quantum chemistry simulation program. The newly developed code was benchmarked
on 32× 6-core Intel Xeon E5-1650v3 @ 3.5GHz processors (Desmos at JIHT RAS [24, 40]) and
2× 64-core AMD EPYC 9535 processors (Irbis at MIPT). The first HPC server is a typical dis-
tributed memory system (see Fig. 4b and [46]), while the memory of the second workstation is
shared between its processors (Fig. 4a and [2, 55]). So, two different strategies were adopted to
run the hybrid MPI+OpenMP program using the map-by option of the OpenMPI library [13].
OpenMPI 5.0.0 and 4.1.6 were used for the Desmos and Irbis systems, respectively. MPI ex-
changes in case of the Desmos supercomputer were performed through Infiniband FDR, and in
case of the Irbis server through shared memory. For Desmos each MPI process was bound to a
processor with 6 cores sharing L3 cache. The number of OpenMP threads was varied only after
all proccesors were occupied by MPI ranks. For the Irbis machine, each process was bound to the
L3 cache shared by 4 cores of AMD EPYC 9535 processor. Different processor sets are possible for
Irbis: NPS1, NPS2 and NPS47 (corresponding modes are reflected by red dotted lines in Fig. 4a;
see also [55]). The simplest NPS1 was applied, so each processor is represented as a single NUMA
node. At first, processes were bound to the caches of the first node. The remaining node was
used only for tests with 32 MPI processes (and 1, 2 or 4 OpenMP threads). Alternatively, MPI
processes can be gradually (with increase of their number) bound to L3 caches of different nodes
again, enabling multithreading after 32 MPI processes would be distributed. Another policy is
to reflect 2 processes to the NUMA nodes, increasing the number of threads up to 64 on each
node. Although our code might not be optimal for such calculations due to the granularity used
to calculate three-center ERIs (see Section 2.2) oriented to distributed computations rather than
multithreaded on NUMA.

Other differences between the Desmos and Irbis benchmarks lie in the compilers and linear
algebra libraries involved. In Desmos, the code was compiled with GCC 12.2.0 and linked with
MKL 2025.0, while in Irbis, GCC 13.3.0 and OpenBLAS 3.30 were used. Both compilers support
OpenMP 4.5, which is sufficient for all parallel constructs used in this work.

Currently, quantum chemistry calculations are widely used to simulate biomolecules and
processes in living matter [29]. In our previous work [26], we already considered a chlorophyll
molecule C55H72O5N4Mg and its dimer in vacuum; the def2-SVP basis [50] supplemented by
the def2-SVP-RIFIT auxiliary basis [19, 51] was used for orbital expansions (3). In this work,
the dimer was additionally surrounded by 48 water molecules. Preliminary simulations of the
equilibrium conformations of the chlorophyll dimer in a water solution (up to approximately
200 molecules) were performed using molecular dynamics (MD) with the potential [56]. The
geometries were provided by Egor Igolnikov; then the number of H2Omolecules was reduced to 48
in order to fit in RAM of our computational facilities. Two main conformations of the chlorophyll
dimer were observed in those simulations. The difference in their relative energy is determined

7NPS = NUMA (non-uniform memory access) node per socket.
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(a) Principal scheme of the 64-core AMD EPYC 9535 processor
(see also [2, 55])

(b) Principal scheme
of the 6-core

Intel R© Xeon R© E5-1650v3 @
3.5GHz processor
(see also [46])

Figure 4. Principal schemes workstation nodes used in benchmark calculations

mainly by the electrostatic attraction between the porphyrin rings and the interaction of the
molecule tails with water. The chlorophyll molecule has a hydrophobic tail and a hydrophilic
ring, so it is amphiphilic in general. In water, chlorophylls aggregate in pairs. On the one hand,
π-stacking interactions of conjugated systems lead to their rendezvous; on the other hand, it is
favorable to place the hydrophobic tails between the porphyrin rings to minimize their contact
with water. Although the HF method does not account for electronic correlation, it might be the
basis for more advanced calculations. So our tests were performed using one of the equilibrium
conformations. The sizes used were Natoms = 322, Nocc = 722, NAO = 3700 (grouped into
N sh

AO = 1792) and Naux = 11896 (grouped into N sh
aux = 4288).

4. Results and Discussion

Performance tests required about 800 GB of RAM over all processes during the program
execution. Our benchmarks on Desmos involved 32 MPI processes with 1 to 6 OpenMP threads.
Less processes were not used because of memory limits. In contrast, there were no problems with
the available memory workspace on the Irbis machine, so subsequently bindings of MPI processes
from 1 to 32 were performed with relevant turn on of OpenMP multithreading.

Records of the type “#N1” or “#N1–N2” in the table column name refer to line or lines
of the corresponding algorithm described above in Section 2. “wall” means wall execution time.
“Sp. (x)” stands for the speedup of calculation with the increase of the number N of parallel
threads involved. The speedup is always evaluated from the wall time.

4.1. Scalability: Calculation of ERIs

Figure 5 and Table 1 show the strong scaling behavior of the integration algorithms within
the RI-JK and RI-TJK approaches. Speedups in Tab. 1 are defined by the slowest process. Mul-
tithreading on Desmos performs well enough, giving up to 5.0× and 5.6× speedup for RI-JK
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Figure 5. Scalability of the three-center ERIs calculation

Table 1. Breakdown of scalability of the three-center ERIs calculation

N

RI-JK RI-TJK
Desmos Irbis Desmos Irbis

Time, s Sp. (×) Time, s Sp. (×) Time, s Sp. (×) Time, s Sp. (×)
1 – – 1037.9 1.0× – – 877.1 1.0×
2 – – 530.9 2.0× – – 439.7 2.0×
4 – – 265.3 3.9× – – 224.2 3.9×
8 – – 136.4 7.6× – – 115.4 7.6×
16 – – 71.7 14.5× – – 62.2 14.1×
32 62.2 1.0× 36.0 28.8× 55.9 1.0× 31.8 28.0×
64 32.7 1.9× 20.1 51.5× 28.3 2.0× 17.6 49.7×
96 23.4 2.7× – – 20.0 2.8× – –
128 18.0 3.5× 12.4 83.6× 15.1 3.7× 10.8 81.4×
192 12.6 5.0× – – 10.2 5.6× – –

and RI-TJK, respectively, when going from 32 to 192 threads. It is not ideal (6.0×) because of
the uneven initial static distribution at the stage of scheduling the calculation of three-centers
of ERIs (see Alg. 1, line 1). The observed speedup of the RI-TJK implementation is slightly
better. The probable reason for this is that N sh

aux ∼ 2.5N sh
AO, i.e., more integration tasks were dis-

tributed between processes. Though this consideration does not primarily apply to the analogous
comparison of runnings on Irbis: multithreaded integration (i.e., when more than 32 threads are
involved) scales similarly for both algorithms. Interestingly, the speedup of calculations with mul-
tithreading on Irbis is worse than the speedup up to 32 processes, when all L3 caches are bound
to MPI ranks. Actually, the scalability is good up to 32 processes involved, resulting in 28.8×
or 28.0× speedup. Better scalability can be achieved by means of dynamic scheduling, because
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there is about 2.5 seconds between the fastest and the slowest processes. Nevertheless, scalability
up to 32 processes is greater than that after turning on multithreading. This observation is true
for other benchmarks as well (see the following subsections). The exact reason for that is unclear.
Although in case of integration the probable reason is a bad decision to parallelize the nested
for loop (see Alg. 2) with OpenMP instead of the external one.

Figure 6. Scalability of the three-center ERIs transformation

Table 2. Breakdown of scalability of the three-center ERIs transformation

N

Desmos Irbis
Time, s Sp.

(×)
Time, s Sp.

(×)#1–3 #4–7 wall #1–3 #4–7 wall
1 – – – – 14435.7 267.4 14703.2 1.0×
2 – – – – 7216.5 148.6 7365.2 2.0×
4 – – – – 3654.4 86.2 3740.6 3.9×
8 – – – – 1926.8 51.9 1978.7 7.4×
16 – – – – 1029.4 39.2 1068.6 13.8×
32 1255.6 25.9 1281.5 1.0× 508.9 25.1 534.1 27.5×
64 624.7 18.4 643.1 2.0× 280.5 20.2 300.7 48.9×
96 451.9 17.5 469.4 2.7× – – – –
128 366.8 13.6 380.4 3.4× 171.8 20.2 192.1 76.6×
192 318.0 12.3 330.3 3.9× – – – –

When comparing the Desmos and Irbis performance, it can be seen that the computation
time on 32 processes differs by approximately a factor of two. This can be attributed to the
twofold advantage of the Irbis CPU cores in terms of FLOP/s due to the AVX-512 instruction
set compared to AVX2 available for the Desmos’ CPUs.
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4.2. Scalability: Transformation of ERIs

Figure 6 and Table 2 show the strong scaling behavior of the three-center ERI transfor-
mation (8) and their subsequent transposition for the RI-TJK approach. The TRMM operations
speedup is great, nearly ideal up to 32 processes, while the scaling of the transposition step is

Figure 7. Scalability of the RI-J/TJ algorithm

Table 3. Breakdown of scalability of the RI-J/TJ algorithm

N

RI-J/TJ (Desmos) RI-J/TJ (Irbis)
Time, s Sp.

(×)
Time, s Sp.

(×)#1–4 #7–10 wall #1–4 #7–10 wall
1 – – – – 17.21 16.96 34.18 1.0×
2 – – – – 8.61 8.50 17.12 2.0×
4 – – – – 4.86 4.77 9.64 3.6×
8 – – – – 2.71 2.78 5.49 6.2×
16 – – – – 2.18 2.25 4.44 7.7×
32 1.05 1.18 2.23 1.0× 1.10 1.16 2.25 15.2×
64 0.59 0.68 1.27 1.8× 1.00 1.10 2.10 16.3×
96 0.47 0.55 1.02 2.1× – – – –
128 0.45 0.53 0.99 2.2× 1.08 1.25 2.32 14.7×
192 0.45 0.57 1.02 2.1× – – – –

not so good. The former operations are not ideally scaled because the rebalancing of the RI ten-
sor after the parallel evaluation of ERIs was not implemented for now. So after the RI tensor is
computed, it is still unevenly distributed between MPI processes. The transposition step requires
much less time, but can become a bottleneck, when more and more processes are involved. For
the computation on 128 threads of Irbis it already takes about 10% of the wall time. This obsta-
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cle significantly limits scalability, though the speedup of multithreaded calculations is generally
worse again even in spite of the transposition step. The same conclusions about multithreading
are also true for Desmos. The reasons for this are currently unclear.

It can be noted that the time needed for the transformation step on 32 processes of Desmos
and Irbis again differs by approximately a factor of two. Actually, the transposition step in both
tests is done in the same time. So, Irbis offers twice the computational performance of Desmos,
but its memory bandwidth is not proportionally higher. As a result, it reaches the memory wall
sooner.

4.3. Scalability: the SCF Procedure

Figure 7 and Table 3 show the strong scaling behavior of the RI-J and RI-TJ algorithms
(lines #5 and #6 are out of interest here, because corresponding transformations were signifi-
cantly faster than for other steps). Neither algorithm exhibits satisfactory scalability across the
full range of the number of threads. The possible reason for performance degradation is the large
intermediate buffer used for the reduction of J (p)

µν using OpenMP. Being allocated on the stack
in current implementations, this buffer induces significant cache pressure, resulting in frequent
cache misses and limited data reuse. Even the twofold superiority typical for Irbis on 32 processes
is not observed. This situation is to be resolved in the future, though RI-J and RI-TJ still take
much less time than RI-K and RI-TK.

Figure 8 and Tables 4 and 5 show the strong scaling behavior of the RI-K and RI-TK algo-
rithms. Now, the typical picture of nearly ideal speedup up to 27.1× and 28.0× on 32 processes
of Irbis is observed, as well as more moderate scalability after that. RI-K scalability is worse,
because there is no three-center ERIs rebalancing in current RI-K implemetation and the trans-
position is memory-bound. The transformation within RI-K takes about 5% of the execution
time. Benchmarks performed on Desmos show that multithreading can be efficiently incorpo-

Figure 8. Scalability of the RI-K/TK algorithm
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Table 4. Breakdown of scalability of the RI-K algorithm

N

RI-K (Desmos) RI-K (Irbis)
Time, s Sp.

(×)
Time, s Sp.

(×)#1–4 #5 #6 #7 wall #1–4 #5 #6 #7 wall
1 – – – – – – 2138.4 64.3 3296.3 1053.7 6552.7 1.0×
2 – – – – – – 1070.7 38.2 1666.7 532.7 3308.2 2.0×
4 – – – – – – 543.2 22.6 853.4 272.8 1692.0 3.9×
8 – – – – – – 287.1 13.8 452.6 142.7 896.2 7.3×
16 – – – – – – 154.2 10.6 242.8 78.1 485.7 13.5×
32 141.8 6.7 220.2 68.4 437.1 1.0× 76.4 6.6 120.5 38.7 242.2 27.1×
64 72.3 5.5 111.4 36.2 225.4 1.9× 44.3 6.2 70.7 23.1 144.2 45.4×
96 50.4 4.9 77.8 25.3 158.4 2.8× – – – – – –
128 38.2 4.6 58.6 19.1 120.6 3.6× 29.8 6.1 50.4 16.4 102.6 63.9×
192 25.5 4.6 40.3 13.0 83.4 5.2× – – – – – –

Table 5. Breakdown of scalability of the RI-TK algorithm

N

RI-TK (Desmos) RI-TK (Irbis)
Time, s Sp.

(×)
Time, s Sp.

(×)#1–4 #7 wall #1–4 #7 wall
1 – – – – 2138.7 1074.3 3213.0 1.0×
2 – – – – 1070.2 544.2 1614.4 2.0×
4 – – – – 542.9 274.2 817.1 3.9×
8 – – – – 287.0 144.5 431.5 7.5×
16 – – – – 154.1 77.8 231.9 13.9×
32 141.7 70.3 212.1 1.0× 76.3 38.5 114.8 28.0×
64 72.2 36.1 108.3 2.0× 44.1 22.6 66.7 48.2×
96 50.4 25.4 75.7 2.8× – – – –
128 38.2 19.4 57.6 3.7× 29.8 15.5 45.3 70.9×
192 25.5 13.2 38.7 5.5× – – – –

rated: up to 5.2× and 5.5× for RI-K and RI-TK, respectively. The reason for the bad results of
calculations employing multithreading on Irbis is again unclear. It can be noted that the over-
all time including all stages (except for the transposition) on 32 processes of Desmos and Irbis
differs by approximately a factor of two as before. Also, the transposition step in the RI-K tests
is done in the same time on Desmos and Irbis at this number of processes. It is consistent with
the coincidence of transposition times observed in the previous section after the transformation
of three-center ERIs (8).

Conclusion

We report a new hybrid MPI+OpenMP implementation of the resolution-of-the-identity re-
stricted Hartree—Fock method extensively employing permutational symmetry of the ERI tensor
to minimize explicit local memory movement during iterations of SCF procedure. Both versions
of the proposed parallel algorithm (RI-JK and RI-TJK) were benchmarked on a system of two
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chlorophyll molecules surrounded by 48 water molecules (3700 basis functions supplemented
with 11896 auxiliary basis functions) to reveal their performance and scalability features; two
different machines with different computer architectures were used throughout to perform these
benchmarks.

The RI-JK algorithm allows us to avoid any global transpositions of three-center ERIs at
the cost of performing more moderate transposition at each SCF iteration, whereas the RI-TJK
algorithm performs one global transposition of these integrals only once before the start of the
SCF procedure (see Tab. 2 and Tab. 4 for comparison). Fortunately, in both cases the commu-
nication computation overlap can greatly improve the overall efficiency of the algorithms when
there would be too many communications. It should be true for the larger number of processes
involved, because even for the case of 128 threads communication already takes about 5–10%
of wall time. The contractions that can be actually overlapped also differ, because avoiding the
pre-transformation (8) of formal complexity O(N2

AON
2
aux) before the SCF procedure leads to

including O(NAON
2
aux) arithmetic operations at each SCF iteration. Generally, the RI-JK algo-

rithm is recommended when a rather small number of SCF iterations is expected, while RI-TJK
is more beneficial for SCF calculations expected to converge slowly. For both scenarios, it was
shown that the permutationally-adapted memory layout for storing three-center ERIs can be
efficiently used, though some technical problems should be resolved especially in case of RI-J
and RI-TJ algorithms. However, the permutationally-adapted memory layout removes the need
to perform redundant copy operations in RI-K and RI-TK at each SCF iteration compared to
conventional parallel RI-SCF implementations unpacking three-center ERIs each iteration. An-
other issue to be studied in detail in the future is how to deal with RI tensor sparsity using the
permutationally-adapted layout. Performance evaluation shows that the proposed approaches to
parallelization of the RI-SCF method are reasonably scalable on modern computational archi-
tectures (up to 70–80× speedup on 128 threads), though some problems should be identified and
addressed in the future in order to obtain the scalability closer to the ideal one.
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Conformational landscape of flexible molecules plays an important role in their reactivity,

physicochemical properties and biological functions. The article presents a comparative study of

the conformational stability of three protonated forms of threonine (Thr(+), Thr(0), Thr(−)) in

aqueous solution using classical molecular dynamics (MD), umbrella sampling (US) and metady-

namics (MTD) methods. It is shown that classical molecular dynamics fails to achieve ergodic

sampling for Thr(0) and Thr(−) due to high rotational energy barriers around the Cα–Cβ bond.

The US method, despite being slightly more computationally expensive than classical MD, pro-

vides the most accurate Gibbs free energy profiles with minimal statistical error. Conventional

MTD exhibits an unacceptably high confidence interval (up to 6 kcal/mol), while well-tempered

MTD (WT-MTD) yields results that are quantitatively consistent with US (difference less then

0.2 kcal/mol) and an acceptable error margin (∼1 kcal/mol). It was established that at pH < 9.62

(Thr(0) and Thr(+) forms), the trans conformation is the most stable, whereas for the deprotonated

Thr(−) form, the gauche(−) conformation is preferred. At the same time, the energy differences

between the conformers are small (1–2 kcal/mol), and the transition barriers vary within the range

of 3–12 kcal/mol.

Keywords: molecular dynamics, threonine, conformers, NAMD3.

Introduction

The physicochemical properties of molecules can be strongly influenced by their conforma-

tional composition, such as acidity/basicity [11] and circular dichroism spectra [10]. Also, in

biological processes, certain conformations of active molecules are required for the process to oc-

cur. In this work, we investigated the conformations of α-amino acid L-threonine under different

pH conditions. This amino acid participates in post-translational modifications and is frequently

found in active sites of enzymes. Conformational lability of threonine not only contributes to the

tertiary structure stability, but can directly modulate catalytic activity, substrate recognition,

and allosteric regulation [16].

Experimental approaches for assessing the relative stability of conformers are applicable to

solid [4], gaseous [1], and liquid states [14] of molecules; however, evaluation in aqueous solution

or within a protein complex at different pH remains challenging. Numerous computational meth-

ods exist for estimating the energies of individual molecular conformations in solution employing

descriptions of the system at either quantum or classical molecular mechanics level. Quantum

chemistry methods assume solving the Schrödinger equation numerically, which allows us to

calculate the relative internal energies of different conformations. Further vibrational analysis

provides a way to estimate the Gibbs free energy formally. Molecular mechanics methods, by

contrast, treat atoms in molecules as charged spheres connected by springs, with interactions

defined strictly by the force field.

In order to evaluate the energy of conformers in solution with explicit solvent molecules, it

is necessary to either generate and evaluate a vast number of different configurations or to sim-

ulate a trajectory using molecular dynamics with forces derived from either quantum mechanics

or molecular mechanics. Quantum calculations are much more computationally intensive, and
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molecular mechanics can be applied to this problem because no chemical bonds are broken or

formed during conformational transitions. Therefore, in this study, we perform molecular dy-

namics simulations using a classical force field to estimate relative Gibbs free energy of stable

conformations of threonine at different pH.

The article is organized as follows. Section 1 describes the molecular systems studied and

details the computational setup for classical molecular dynamics, umbrella sampling, and meta-

dynamics simulations. Section 2 presents the results obtained by each method, including the

analysis of conformational populations, Gibbs free energy profiles, and a comparison of their

computational efficiency. Finally, the Conclusion summarizes the key findings, compares the

accuracy of the employed techniques, and provides recommendations for choosing the optimal

enhanced sampling method for conformational analysis of flexible molecules in solution.

1. Methods

1.1. Molecular Systems

In aqueous solutions, the threonine molecule can exist in three protonation states (Fig. 1),

as it contains two ionizable groups: an amino group with pKa = 9.62 and a carboxyl group

with pKa = 2.11. Thus, the molecule can adopt predominately a protonated form (Thr(+)) at

pH < 2.11, a zwitterionic form (Thr(0)) at 2.11 < pH < 9.62, and a deprotonated form (Thr(−))

at pH > 9.62. Each of these forms has three possible conformations, depending on the value of

CCαCβCγ dihedral, that determines rotation around a single Cα–Cβ bond. These conformations

are called gauche(−), trans and gauche(+) (Fig. 2).

(a) protonated form Thr(+) (b) zwitterionic form Thr(0) (c) deprotonated form Thr(−)

Figure 1. Structural formulas of L-threonine in different protonation states

(a) gauche(−) (b) trans (c) gauche(+)

Figure 2. Newman projections showing conformations of the protonated form of L-threonine

Molecular model of threonine zwitterionic form at a neutral pH (Thr(0)) was created using

the Discovery Studio software and pre-optimized. Two other forms of threonine, protonated

(Thr(+), at low pH) and deprotonated (Thr(−), at high pH), were obtained from the zwitterionic

form by adding or removing hydrogen atoms. The optimized geometries of Thr(+), Thr(0) and

Thr(−) were calculated using density functional theory (DFT) with the B3LYP functional [5]
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and the 6-31G** basis set [6], using the conductor-like polarizable continuum model (CPCM) [2]

in ORCA 5.0.4 [12].

All three optimized forms of threonine were solvated in a rectangular water box and properly

neutralized. The size of the water box was selected so that the distance between any atom of

threonine and the cell border exceeded 12 Å. Sodium cations (for Thr(−)) or chlorine anions

(for Thr(+)) were added to model systems for electroneutrality. The preparation of full atomic

models, as well as the visualization and analysis of structures, was carried out using the VMD

program [8].

Then, the structures were minimized using the steepest descent algorithm for 1000 steps.

To relax the solvation shell, 0.5 ns classical molecular dynamics (MD) simulations with fixed

threonine atoms were performed for all model systems. MD calculations were carried out in

the NPT ensemble with a Langevin thermostat at 298 K and a Berendsen barostat at 1 at-

mosphere with 1 fs integration step. CHARMM36 force field [3] was used for threonine, and

TIP3P for water [9]. Minimization, solvation shell relaxation and further molecular dynamics

and metadynamics calculations were carried out using the NAMD3 software [13].

1.2. Classical Molecular Dynamics Simulations

For each of the three forms of threonine 500 ns molecular dynamics trajectories were calcu-

lated in the NPT ensemble. The parameters for the molecular dynamics simulation are sim-

ilar to those used for solvation shell relaxation. Trajectory analysis allowed us to estimate

the populations of the gauche(+), gauche(−) and trans conformations for each form of threo-

nine. Assuming that the resulting trajectories are ergodic, we can determine the relative en-

ergies of these conformations based on the Gibbs distribution using the following formula:

∆∆G = ∆G1 − ∆G2 = −kT ln
(
N1

N2

)
, where N1 and N2 are the number of MD frames of

corresponding conformation.

1.3. Umbrella Sampling Simulations

For molecular dynamics simulations using the umbrella sampling method, four start-

ing structures were prepared for each form of threonine. In these structures dihedral angle

HαCαCβHβ was constrained to values 0◦, 100◦, −100◦ and 180◦. Preparation involved the di-

rect modification of HαCαCβHβ angle followed by energy minimization as described above.

Umbrella sampling simulations were also performed using the NAMD3 software package

with the same MD parameters. The dihedral angle HαCαCβHβ was selected as a collective

variable with a harmonic biasing potential (force constant k = 0.01–0.03 kcal·mol−1·deg−2)

applied along. The center of the biasing potential was systematically shifted from −180◦ to 160◦

in 20◦ increments. For each window, a MD trajectory of 10 ns was computed. To enhance the

overlap of probability distributions for subsequent free energy analysis, additional simulations

were performed with biasing potential centered at ±10◦ and ±130◦.
Weighted histogram analysis method [15] (WHAM) was utilized to reconstruct Gibbs free

energy profiles from statistical analysis of HαCαCβHβ dihedral angle distributions in the um-

brella sampling trajectories. In the WHAM program a value of 10−4 kcal/mol was used as the

energy convergence criterion.
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1.4. Metadynamics Simulations

For metadynamics (MTD) calculation the same collective variable (HαCαCβHβ dihedral

angle) was used. All metadynamics (MTD) trajectories were started from value of dihedral

angles – −100◦. Gaussian biasing potentials with initial Gaussian width (at half-height) of 1◦

and Gaussian height of 1 kcal·mol−1·deg−2 were applied. New Gaussians were added every

100 integration steps. A total of ten independent 10 ns metadynamics trajectories were calculated

for each of three threonine forms. A bias temperature of 1700 K was selected based on preliminary

simulations testing various parameter values.

2. Results and Discussion

2.1. Classical Molecular Dynamics Simulations

One of the simplest methods to estimate the relative stability of molecule conformation

is based on the Gibbs free energy distribution. This method requires to determine gauche(+),

gauche(−) and trans conformer population as the number of frames with each conformation. We

calculated HαCαCβHβ dihedral angle at each frame of MD trajectory and determined the corre-

sponding conformation from its value. HαCαCβHβ value between −120◦ and 0◦ corresponds to

trans conformation. If dihedral angle ranges from 0◦ to 120◦, we are dealing with a gauche(+) con-

formation. The ranges from −180◦ to −120◦ and from 120◦ to 180◦ correspond to the gauche(−)

conformation of threonine.

The HαCαCβHβ distribution was investigated for all three forms of threonine at different pH

values (Fig. 3). Despite several different calculations of molecular dynamic modeling for systems

with high (Thr(−)) and neutral (Thr(0)) pH, which started from different initial conformations,

it was not possible to obtain an ergodic trajectory. The systems were unable to overcome the

high rotational energy barrier. As a result, it is impossible to determine the relative popula-

tions for Thr(−) and Thr(0). In contrast, all three conformations were observed for the Thr(+)

form, indicating lower rotational barriers. The relative Gibbs free energy was estimated using

the energy of the most stable trans conformation as the zero reference point. The results are

summarized in Tab. 1.

Table 1. Population and relative Gibbs free energy of Thr(+) conformations

from classical molecular dynamics simulations

Conformation
HαCαCβHβ

dihedral angle, deg

Number

of frames

Population,

%

∆∆G

kcal/mol

gauche(−) (−180, −120) ∪ (120, 180) 5217 26.1 0.30

trans (−120, 0) 8628 43.1 0

gauche(+) (0, 120) 6155 30.8 0.20

All molecular dynamics simulations were performed using NAMD3 software [13] compiled

with GPU acceleration. The primary production runs were carried out using Tesla V100-SXM3-

32GB. On this datacenter-grade GPU, the simulation of a small system (∼2000 atoms) achieved

a performance rate of 0.000500535 seconds per step, corresponding to an impressive throughput

of approximately 172.6 ns per day. For each of three systems (Thr(+), Thr(0) and Thr(−)), five

independent 100 ns trajectories were generated, resulting in a total simulated time of 1.5 µs
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(a) protonated form Thr(+)

(b) zwitterionic form Thr(0)

(c) deprotonated form Thr(−)

Figure 3. HαCαCβHβ dihedral angle distribution during classical MD simulations

(500 ns per system). The cumulative computational time required to complete all 15 individual

runs amounted to approximately 8.7 days of continuous GPU runtime.

2.2. Umbrella Sampling Simulations

After performing umbrella sampling molecular dynamics with bias potential

(k = 0.01 kcal·mol−1·deg−2) centered at HαCαCβHβ values from −180◦ to 160◦ with 20◦

increments, the overlap of the HαCαCβHβ distributions was checked. To achieve optimal

overlap for the Thr(−) distributions, two additional MD trajectories with bias potential centered

at 10◦ and −10◦ were calculated. The force constants k were increased to 0.03 kcal·mol−1·deg−2

for MD trajectories with bias potential centered at 0◦ and ±10◦. For bias potential centered

at ±20◦, ±100◦, ±120◦, and ±140◦ force constants were increased to 0.02 kcal·mol−1·deg−2.

To achieve optimal overlap for the neutral form Thr(0) distributions, three additional MD

trajectories with bias potential centered at 130◦, 10◦ and −10◦ were calculated. The force

constants k were increased to 0.02 kcal·mol−1·deg−2 for MD trajectories with bias potential

centered at 0◦ and ±10◦, 130◦. For Thr(+) simulations only force constants k were increased

to 0.02 kcal·mol−1·deg−2 for MD trajectories with bias potential centered at 0◦, ±20◦, ±100◦,
±120◦, and ±140◦. Since the obtained distributions of the dihedral angle overlap well with each
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other (Fig. 4), it is possible to calculate Gibbs free energy profiles using the weighted histogram

analysis method (Fig. 5).

(a) protonated form Thr(+)

(b) zwitterionic form Thr(0)

(c) deprotonated form Thr(−)

Figure 4. Distribution of HαCαCβHβ dihedral angle distributions during umbrella sampling

simulations

(a) protonated form Thr(+) (b) zwitterionic form Thr(0) (c) deprotonated form Thr(−)

Figure 5. The Gibbs free energy Cα–Cβ rotation profiles calculated by umbrella sampling

and WHAM methods
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The results obtained by the classical molecular dynamics method (Tab. 1) are in good agree-

ment with the results of the umbrella sampling (Tab. 2) for Thr(+) form. The trans-conformation

turned out to be the most stable, while the gauche(−) conformation is less stable than the

gauche(+) one. In addition, it was observed that the rotation barriers for the deprotonated and

zwitterionic forms are on average higher than for the protonated ones. This explains why con-

formations do not change into each other in classical molecular dynamics. The data obtained

also confirm that in the Thr(0) form the rotation barrier from the gauche(−) to the trans con-

formation is small (2.5 kcal/mol). As a result, classical molecular dynamics quickly leaves the

gauche(−) conformation and transforms into a trans conformation. Nevertheless, the molecules

sometimes return to the gauche(+) conformation, although the energy barrier for this transition

is lower than for the transition from trans to gauche(−) conformation.

Table 2. Relative Gibbs free energy of threonine conformations calculated by umbrella

sampling and WHAM methods

Conformation HαCαCβHβ ∆∆G, kcal/mol

dihedral angle, deg Thr(+) Thr(0) Thr(−)

gauche(−) (−180, −120) ∪ (120, 180) 0.8 2.6 0.0

trans (−120, 0) 0.0 0.0 0.5

gauche(+) (0, 120) 0.6 1.9 1.3

For protonated and zwitterionic forms of threonine, trans conformer is the most stable. This

is due to compensation of steric difficulties by electrostatic interactions between the -OH group,

amino- and carboxyl groups. In the deprotonated form (Thr(−)), the electrostatic interaction

with the carboxyl group weakens, which makes the gauche(−) conformer more stable.

In contrast to classical molecular dynamics simulations, the umbrella sampling method im-

poses an external biasing potential to constrain the system along the reaction coordinate, which

leads to increased computational cost per step. On the Tesla V100-SXM3-32GB GPU, umbrella

sampling simulations achieved a performance of 0.000690609 seconds per step, corresponding to

a throughput of 125.107 ns/day – approximately 27.5% slower than classical MD runs on the

same hardware. The umbrella sampling calculations were performed separately for each proto-

nation state of threonine. Specifically, 19 independent biased simulations were conducted for

Thr(+), 22 for Thr(0), and 21 for Thr(−), each with a trajectory length of 10 ns. The cumulative

computational time required to complete all umbrella sampling simulations was approximately

4.96 days of continuous GPU runtime.

2.3. Metadynamics Simulations

Gibbs free energy profiles were calculated from the metadynamics data using the parameters

of the Gaussian potentials at timestep τ (σ – Gaussian width, w – Gaussian height, θ – value

of HαCαCβHβ dihedral angle) by the following formulas (∆T – bias temperature 1700 K):

∆GMTD(θ) = −w
∑

n=1
τ=nτG

exp

(
−(θ − θ(τ))2

2σ2

)
,

∆GWT-MTD(θ,∆T ) = −T + ∆T

∆T

∑

n=1
τ=nτG

w(τ) exp

(
−(θ − θ(τ))2

2σ2

)
.
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Data were additionally referred to the minima of Gibbs free energy. To estimate the spread

of values, we used data obtained from ten different metadynamic (MTD) and ten well-tempered

metadynamics (WT-MTD) trajectories. The variation in value was determined as the difference

between the maximum and minimum values for each trajectory. The resulting intervals and the

average profile are shown in Fig. 6.

(a) Thr(+) (b) Thr(0)

(c) Thr(−) (d) error estimation

Figure 6. The Gibbs free energy Cα–Cβ rotation profiles and error estimation calculated

using metadynamics (MTD) and well-tempered metadynamics (WT-MTD)

Analysis of the obtained data shows that the metadynamics (MTD) gives significant de-

viations in the profile values, reaching 6 kcal/mol. At the same time, the deviations for the

profiles obtained using the WT-MTD method do not exceed 1.5 kcal/mol. The energies of stable

conformations for each of the forms were determined similarly to the US results using profiles

obtained by the WT-MTD method (Tab. 3).

Table 3. Relative Gibbs free energy of threonine conformations calculated by well-tempered

metadynamics

Conformation HαCαCβHβ ∆∆G, kcal/mol

dihedral angle, deg Thr(+) Thr(0) Thr(−)

gauche(−) (−180, −120) ∪ (120, 180) 0.8 ± 0.2 2.8 ± 0.2 0.0

trans (−120, 0) 0.0 0.0 0.3 ± 0.2

gauche(+) (0, 120) 0.6 ± 0.3 2.0 ± 0.2 1.0 ± 0.5

The relative Gibbs free energy values of threonine conformations, obtained by umbrella

sampling and well-tempered metadynamics methods, are close to each other. The difference

between them is less than 0.2 kcal/mol, which is comparable to the spread of values obtained in

the WT-MTD series of calculations.
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Metadynamics and well-tempered metadynamics simulations exhibited nearly identical com-

putational performance, as both methods differ from classical molecular dynamics primar-

ily in the periodic deposition of Gaussian bias potentials every 100 simulation steps. On the

Tesla V100-SXM3-32GB GPU, the average performance for both metadynamics variants was

0.000572646 seconds per step, corresponding to a throughput of 150.879 ns/day. For each pro-

tonation state of threonine, ten independent metadynamics and ten independent well-tempered

metadynamics simulations were performed, each with a trajectory length of 10 ns. The cumu-

lative computational time required to complete all metadynamics and well-tempered metady-

namics simulations was approximately 3.98 days of continuous GPU runtime.

2.4. Comparison of Methods

The relative Gibbs free energies calculated in this work using classical molecular dynamics,

umbrella sampling with WHAM, and metadynamics are in good agreement with each other. All

methods employed in this study utilized the CHARMM force field for model description. In the

literature, there are articles where the threonine molecule is described using quantum-chemical

methods.

In Ref. [14], various conformations of threonine in aqueous solution were investigated using

the MP2, B3LYP/6-31G**++, and M062X/6-31G**++ methods, with the IEF-PCM implicit

solvent model. A total of 88 conformations were identified, and for the most stable ones, a corre-

lation with experimental data was established. In the experiments, solid samples and solutions of

threonine were studied using vibrational circular dichroism, IR, and Raman spectroscopy. The

authors demonstrate that: gauche(+) conformation is the most stable for Thr(+) and Thr(0),

trans conformation is preferred for Thr(−). The energy differences within the MP2 framework

between conformations range from 1.5 (gauche(+) and gauche(−) for Thr(+)) to 6.5 kcal/mol

(trans and gauche(+) for Thr(−)).

In Ref. [7], the conformations of the zwitterionic form of threonine were studied with explicit

solvent represented by 7 water molecules using the B3LYP/6-31G*++ method. For the four most

stable clusters, the authors observed agreement with experimental IR and Raman spectra. The

most stable conformation for Thr(0) is gauche(−), with an energy difference of 0.3 kcal/mol

relative to gauche(+), as for the gas phase neutral threonine [1].

Thus, the literature data formally exhibit rather poor agreement both among themselves

and with the results obtained in this work, which can be attributed to several factors. Primarily,

this discrepancy arises from the use of different methodologies: quantum-chemical methods,

which describe electronic structure more accurately, and molecular mechanics methods, which

capture dynamics and statistics on scales inaccessible to quantum approaches. Additionally,

solvent representation differs, which may also contribute to the differences in energy. It should

be noted that the obtained energy differences between conformations generally do not exceed

1–2 kcal/mol, which is comparable to the accuracy levels achievable by both quantum and

classical methods.

Among the computational methods used in this study, classical molecular dynamics proved

to be the most computationally efficient, achieving a throughput of 172.615 ns/day on one Tesla

V100-SXM3-32GB GPU. However, despite its speed, classical MD is inherently limited by high

energy barriers and cannot reliably determine transition free energies or complete conforma-

tional profiles, as it fails to ensure ergodic sampling of the entire conformational space within

feasible simulation times. Umbrella sampling is approximately 27.5% slower than classical MD
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and requires careful selection of a sufficient number of windows with adequate histogram overlap

to ensure convergence. But US is relatively insensitive to simulation length per window and pro-

vides the most accurate Gibbs free energy profiles with negligible statistical error. In contrast,

classical metadynamics exhibited unsatisfactory performance, yielding energy value scatter up

to 6 kcal/mol – comparable to the barrier heights themselves and far exceeding the energy

differences between stable conformations. Well-tempered metadynamics significantly improves

upon standard MTD, achieving a throughput of 150.879 ns/day with an acceptable error margin

of approximately 1 kcal/mol and quantitative agreement with US results. Despite its slightly

higher computational cost, umbrella sampling remains the preferred method due to its superior

accuracy and negligible statistical error compared to well-tempered metadynamics.

Conclusion

Classical molecular dynamics simulations principally allow one to determine relative Gibbs

free energies of stable conformations under the assumption of ergodicity of the performed simu-

lations, but not energy barriers of transitions between conformations. In our particular system,

transition energy barriers are high and, therefore, this condition cannot be achieved even with

a 50-fold increase in trajectory simulation time relative to enhanced sampling methods.

Umbrella sampling enables calculation of the entire rotational free energy profile, including

both energy barriers and relative energies of stable conformations. Among the methods em-

ployed in this work, it exhibits the lowest uncertainty, with negligible statistical error. Since the

conformational coordinate in this work (HαCαCβHβ dihedral angle) is well-defined, this method

proves to be the least sensitive to reductions in simulation time.

Classical metadynamics yields unsatisfactory results: the uncertainty in energy values

reaches up to 6 kcal/mol, which is comparable with the magnitude of the energy barriers and

significantly exceeds the energy differences between stable conformations. Well-tempered meta-

dynamics (WT-MTD) demonstrates an acceptable error margin of approximately 1 kcal/mol

and shows quantitative agreement with US results; however, it requires careful parameterization

of the applied bias potentials and bias temperature. Furthermore, WT-MTD should have longer

trajectories and is characterized by greater uncertainty than umbrella sampling method.

US and WT-MTD methods demonstrate consistent results, showing that at pH values below

9.62, the trans conformation is the more stable form of threonine, whereas for the deprotonated

form, the gauche(−) conformation is preferred. However, the relative energies of all conformations

are close (∼1–2 kcal/mol), while the energy barriers show greater variation (∼3–12 kcal/mol).
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In May 2020, the Joint European Disruptive Initiative (JEDI) launched the “Billion Molecules

against COVID 19” challenge – an extensive open science effort aimed at identifying small molecule

inhibitors of SARS-CoV-2 and related human receptors. Our research group joined this initiative

among 130 international teams, focusing on the in silico screening for potential anti coronavirus

agents that target three viral proteins and one human receptor. The screening campaign covered

more than one billion synthetically accessible structures, including approved pharmaceuticals. By

July 17, 2020, our team submitted a subset of 10000 prioritized compounds to the organizers for

expert evaluation. The results from our selection, together with those from 19 other participating

teams, contributed to a pool of approximately 1000 molecules selected for chemical synthesis

and bioactivity testing. In total, 878 compounds were successfully synthesized and evaluated for

inhibitory activity against various SARS-CoV-2 targets as well as the human serine protease

TMPRSS2. Ultimately, 27 compounds – including one proposed by our group – demonstrated

measurable anti coronavirus activity. The collective outcomes of these collaborative efforts were

reported in the “Molecular Informatics” journal in 2024. In the present study, we summarize

our participation in the JEDI challenge and discuss broader methodological and organizational

considerations critical for improving the efficiency of rapid scientific responses to future emerging

biological threats.

Keywords: COVID-19, JEDI COVID-19 challenge, anti-coronavirus agents, in silico screen-

ing, future biogenic threats, effective response.

Introduction

In December 2019, physicians from several hospitals in Wuhan notified the local Center for

Disease Control and Prevention of pneumonia cases of unknown etiology. Subsequently, Vision

Medicals (Guangzhou) confirmed a novel coronavirus in specimens from Wuhan Central Hospital.

In January 2020, the initial SARS-CoV-2 genome sequence was deposited in GISAID [33]. Con-

currently, infections were identified beyond China, in Thailand, Japan, and the United States.

On January 30, the World Health Organization (WHO) proclaimed a Public Health Emergency

of International Concern (PHEIC), reporting 9800 cases and 213 fatalities. The disease received

its official designation, “COVID-19”, in February 2020; on March 11, WHO classified it as a

pandemic, with over 118000 cases in 114 countries and 4291 deaths.

Mitigating the COVID-19 pandemic necessitated a coordinated international effort, com-

prising border closures and lockdowns, reconfiguration of healthcare systems, rigorous sanitary

protocols, advancement of diagnostic tools and vaccines, and identification of new therapeutic

modalities [64]. After release of the viral genome sequence, laboratories rapidly designed RT PCR

assays targeting SARS-CoV-2, with WHO issuing technical guidance on detection, testing, and

case management by January 10, 2020 [48]. National public health laboratories and manufactur-

ers produced and scaled PCR based tests during January–February 2020; by March 2020, many
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countries had authorized emergency use diagnostic assays. Following viral genome publication,

multiple groups initiated vaccine design programs using mRNA, viral vector, inactivated, and

protein subunit platforms. In March 2020, at least four vaccine candidates entered first in human

(phase I) clinical trials, marking an unprecedented acceleration compared to traditional vaccine

timelines [48].

In early 2020, before the authorization of any pharmaceutical agents specifically indicated

for COVID-19 treatment, several small-molecule drugs previously employed against other vi-

ral infections were proposed for repurposing against SARS-CoV-2. These included lopinavir

& ritonavir (in combination), interferon (type I; mainly IFN α/β), ribavirin, chloroquine, hy-

droxychloroquine, favipiravir, remdesivir, and ivermectin. Except for remdesivir, most of these

compounds were subsequently shown to lack clinical efficacy, and some (e.g., chloroquine and

hydroxychloroquine) were associated with notable adverse effects. Nevertheless, during the ini-

tial stage of the pandemic, they comprised the primary therapeutic approaches available for

managing SARS-CoV-2 infection [51].

It became evident that the discovery of new anti coronavirus drugs was urgently needed. In

addition to extensive studies conducted by major pharmaceutical companies, numerous academic

groups also sought to identify novel promising candidates [37].

In response to the unmet need for effective COVID-19 therapies, the Joint European Dis-

ruptive Initiative (JEDI) launched the “Billion Molecules against COVID-19 Grand Challenge”

on April 23, 2020 [40]. Following an invitation from our European colleagues, including Prof.

Dr. Alexandre Varnek (University of Strasbourg), we chose to participate in this collaborative

project.

The terms and conditions of this study were defined as follows:

(1) to conduct virtual screening of more than one billion synthetically accessible compounds,

including clinically approved drugs;

(2) to assess their potential interactions with at least three molecular targets implicated in

antiviral activity against coronaviruses;

(3) to employ three independent computational methodologies; and

(4) to complete the study within the period of May–June 2020.

The set of targets available for subsequent experimental validation comprised the follow-

ing proteins: 3C-like protease (3CLpro), papain-like protease (PLpro), transmembrane serine

protease 2 (TMPRSS2), spike glycoprotein (S), nucleocapsid protein (N), and RNA-dependent

RNA polymerase (RdRp).

Participants were required to submit compound lists containing 10000 molecules for a min-

imum of three protein targets (amounting to a total of 30000 compounds) using the designated

*.csv template. Additionally, a detailed report describing the applied computational methods

and performance metrics, selected targets, compound libraries, and obtained results was to be

submitted in the *.docx template provided by the organizers.

The consolidated results obtained by participants of the JEDI COVID-19 Challenge are

reported in the joint publication [67]. In summary, 31 research teams proposed a total of

639024 candidate compounds with putative activity against the aforementioned anti-coronavirus

targets. Among these, 878 compounds were synthesized and subjected to experimental evalu-

ation in the corresponding biological assays. As a result, 27 compounds demonstrating weak

inhibitory or binding activity were identified through binding, cleavage, and/or viral suppres-

sion assays. It was concluded that the open-science framework adopted in the JEDI COVID-19
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Challenge made a measurable contribution to the collective knowledge base, thereby facilitat-

ing future drug discovery initiatives aimed at the development of improved therapeutic agents

against SARS-CoV-2 [67].

In this manuscript, we describe our methodology, developed within the framework of the

JEDI COVID-19 Challenge, for the selection of putative anti coronavirus agents from a chemical

space comprising billions of compounds, as well as the results obtained and the insights gained,

which may contribute to future strategies for mitigating the emerging biogenic threats.

The article is organized as follows. The Introduction describes the context of the onset of the

COVID-19 pandemic and the background of launching the open JEDI “Billion Molecules against

COVID-19” initiative, which aimed to urgently search for new antiviral drugs. In Section 1 we

detail the proposed computational workflow, which includes three sequential stages: initial hit

selection based on structural similarity (MNA and QNA), filtering and ranking using machine

learning algorithms (PASS and GUSAR software), and verification of the results via molecular

docking. This section also describes the selection process for viral targets and the preparation of

a consolidated library of over one billion synthetically accessible compounds. Section 2 provides

an analysis of the data obtained at each stage of the virtual screening for potential inhibitors of

the 3CLpro and PLpro proteases, RdRp polymerase, and the TMPRSS2 receptor. The authors

also share key takeaways from their participation in the JEDI challenge, analyzing the reasons

for the low efficiency of mass screening under conditions of initial scarcity and noisiness of the

training data. Section 2.2 summarizes the overall results of the study, emphasizing that despite

the limitations and inaccuracy of early data, the application of machine learning methods and

molecular modeling drastically reduced the material, financial, and time costs of experimen-

tal validation, narrowing down the screening of billions of molecules to the synthesis of just

878 compounds.

1. Materials and Methods

Considering the incomplete and occasionally contradictory information available on May 4,

2020, regarding the SARS-CoV-2 virus and its interactions with host cells, we developed a

systematic approach for the virtual screening of potential anti-coronavirus hits from extensive

chemical libraries.

The proposed workflow comprised three successive stages:

• Initial hit selection. Potential hits were identified among more than one billion compounds

by assessing structural similarity to reference molecules with experimentally confirmed

anti-coronavirus activity.

• Filtering and ranking. The selected compounds were further filtered and prioritized using

machine learning algorithms implemented in the PASS and GUSAR (see Sections 1.2

and 1.3) software packages. The corresponding training sets were continuously expanded

and refined throughout the project to improve predictive performance.

• Verification by molecular modeling. Representative compounds from the prioritized set

were analyzed using molecular modeling methods to evaluate their potential interactions

with SARS-CoV-2 targets. A schematic representation of the overall workflow for selecting

compounds with potential anti-coronavirus activity is presented in Fig. 1.

The following sections describe four distinct methods applied across the three stages.
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Figure 1. General workflow and results of selection of anti-coronavirus hits

1.1. Similarity Assessment

“Similar molecules tend to exhibit similar biological activities” [45]. Although this principle

is occasionally violated in the presence of the so called activity cliffs [18], it remains a cornerstone

of medicinal chemistry and is extensively employed in the design of structural analogues pre-

sumed to interact with the same target or to elicit comparable pharmacological responses [78].

Furthermore, it constitutes the method of choice in studies involving novel pharmacological tar-

gets, particularly when the number of known ligands is insufficient for the construction of a

pharmacophore model or the development of a (Quantitative) Structure-Activity Relationship

((Q)SAR) regression or classification models.

At present, no universal method exists for assessing the similarity between molecules be-

longing to different chemical classes and exhibiting diverse biological activities [6]. Within the

framework of the JEDI COVID-19 Challenge, molecular similarity was evaluated using our orig-

inal molecular descriptors – Multilevel Neighborhoods of Atoms (MNA) [24] and Quantitative

Neighborhoods of Atoms (QNA) [25]. These descriptors have demonstrated high efficacy in the

analysis of structure-activity relationships for heterogeneous datasets, which is fully consistent

with the objectives of the present study, namely the virtual screening of compounds with po-

tential anti-coronavirus activity among more than one billion molecules. Earlier, we examined

the applicability of these descriptors for activity prediction based on similarity across a dataset

comprising 16770 inhibitors of HIV-1 protease, reverse transcriptase, and integrase [71], and

identified both the advantages and limitations of this approach [20].

To conduct the similarity search and identify compounds exhibiting the desired biological

activity among a library exceeding one billion molecules, we selected “reference substances”,

defined as the most potent inhibitors of the four investigated targets reported as of June 2020.

These reference substances were subsequently employed as query molecules.

3CLpro. The five most active compounds were collected from various sources and evaluated

using different experimental protocols. The activities of GC376, Tideglusib, 11b, and TZDZ-8

were obtained from the respective original publications [16, 41, 49], while MAT-POS-916a2c5a-1

was selected from the PostEra resource [59]. All five compounds were tested against the recombi-

nant SARS-CoV-2 main protease (3CLpro) and exhibited low micromolar inhibitory activities.

PLpro. The PLpro inhibitors 6-thioguanine, GRL0617, 679818, and psoralidin were se-

lected from the corresponding original reports [13, 34, 62] as the most potent inhibitors of the

SARS-CoV papain-like protease.

RdRp. The selection of the most active compounds was performed using data from the

Stanford Coronavirus Antiviral Research Database [70]. Three compounds were identified as
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lead candidates: PubChem CID 44468216 (GS 441524), PubChem CID 121304016 (Remde-

sivir), and ChEMBL ID CHEMBL2178720 (β-D-N4-Hydroxycytidine). The antiviral activities

of GS 441524 and Remdesivir were documented in multiple preprints [9, 17, 61, 63, 66, 77],

whereas evidence for β-D-N4-Hydroxycytidine originated from a single study [22]. All three

compounds exhibited submicromolar half maximal effective concentrations (EC50) in assays

employing SARS-CoV-2 and human cell lines. Notably, both Remdesivir and GS 441524 were

also reported to suppress viral RNA expression, corroborating their potent antiviral properties.

TMPRSS2. The selection of the most potent compounds targeting TMPRSS2 was con-

ducted using data retrieved from the ChEMBL database [12]. Three chemical entities ex-

hibiting submicromolar Ki values were identified: CHEMBL1809250, CHEMBL1229259, and

CHEMBL1809251. According to the assay description provided in ChEMBL, these compounds

were evaluated against the recombinant catalytic domain of TMPRSS2 expressed in Escherichia

coli, employing D-cyclohexylalanine-Pro-Arg-AMC as a fluorogenic substrate and fluorescence

plate reader analysis for activity quantification. The experimental results were originally reported

in reference [68].

In addition to the reference compounds reported in available publications and databases,

we also included ligands complexed with SARS-CoV-2 proteins from the Protein Data Bank

(PDB) [60] in the similarity search. Ligands from the following six complexes were used: 6LU7

(PRD 002214), 7BRP (HU5), 7BRR (K36), 6Y2G (O6K), 6W63 (X77), and 7BV2 (F86). Ligand

IDs are given in parentheses.

1.2. Machine Learning with PASS Computer Program

PASS (Prediction of Activity Spectra for Substances, version 2019) is a computational sys-

tem developed to predict more than five thousand biological activities with an average Indepen-

dent Accuracy of Prediction (IAP), quantified as the Receiver Operating Characteristic Area

Under the Curve (ROC AUC), of approximately 0.97. These predictions are derived solely from

the structural formula of a drug-like compound [57]. The development of PASS began in the late

1980s [10], and over the subsequent three decades, the training datasets have been progressively

refined, the range of predictable biological activities expanded, and extensive benchmarking of

chemical descriptors and machine learning algorithms conducted [27, 58].

PASS 2019 utilizes structure-activity relationship (SAR) analysis for 1025468 biologically

active compounds employing MNA descriptors in combination with a modified nave Bayes clas-

sifier [27]. This methodology enables accurate SAR characterization for compounds within the

training set and demonstrates sufficient generalizability to provide reliable predictions of bio-

logical activity profiles for novel chemical entities, even in the presence of incomplete training

data [58].

For each compound under prediction, PASS calculates two probabilities: Pa, representing

the likelihood of belonging to the class of “actives”, and Pi, the likelihood of belonging to the

class of “inactives”. By default, compounds for which Pa exceeds Pi are classified as “active”.

The performance of PASS exceeds that of other established methods for predicting biological

activity profiles, as demonstrated by comparative computational studies [3, 32, 52]. The Profes-

sional version of PASS provides functionality for constructing novel training sets, retraining the

program to generate an updated SAR knowledge base, and assessing predictive accuracy and

reliability through leave-one-out and 20-fold cross-validation procedures, respectively.
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Within the framework of the present study, a specialized training set was developed by

systematically compiling data from both freely accessible and commercial databases [15], as

well as from a wide range of relevant scientific publications. Compounds exhibiting IC50 values

below 10 µM were designated as active to serve as the selection threshold. To enhance the

representativeness of the chemical space, all newly available information on the structures and

activities of anti-coronaviral agents was incorporated into the PASS 2019 training set. Upon

completion of the training and validation procedures, an updated SAR knowledge base with the

following characteristics was obtained: 1025630 substances, 106828 unique MNA descriptors,

8 selected activities; average IAP equals to 0.9138.

Characteristics of SAR models for each particular activity are given in the Tab. 1. Here,

N denotes the number of compounds in the training set that exhibit the given activity; IAP

(Invariant Accuracy of Prediction) is the predictive performance estimated by leave-one-out

cross-validation and is equivalent to the AUC ROC; 20-F IAP denotes the IAP estimated using

20-fold cross-validation.

Table 1. Characteristics of SAR models for different anti-coronavirus activities

N IAP 20-F

IAP

Activity Type

62 0.9585 0.9587 3C-Like Protease (SARS-CoV) Inhibitors

18 0.9908 0.9909 3C-Like Protease (SARS-CoV-2) In-

hibitors

6 0.8296 0.8320 Papain-Like Protease (SARS-CoV-2) In-

hibitors

3 0.9970 0.9980 RNA-Directed RNA Polymerase (SARS-

CoV-2) Inhibitors

808 0.7535 0.7535 SARS-CoV-2 infection reduction in cell-

based assay

5 0.9678 0.9684 SARS-CoV-2 viral Entry Inhibitors

371 0.8129 0.8147 Spike Glycoprotein (S) (SARS-CoV-

2)/ACE2 Interaction Inhibitors

3 1.0000 1.0000 Transmembrane Protease Serine 2 (TM-

PRSS2) Inhibitors

As evident from the data presented above, the accuracy (leave-one-out cross-validation) and

predictive performance (20-fold cross-validation) of the developed specialized version of PASS

are sufficiently high to support its practical application. This conclusion was also supported by

the results of prediction for the reference substances (remdesivir, umifenovir, etc.).

1.3. Machine Learning with GUSAR Computer Program

GUSAR (General Unrestricted Structure-Activity Relationships) is a software for the quan-

titative structure-activity relationship (QSAR) analysis based on compound structural formulas

and corresponding activity or property data, and for predicting activities or properties of novel

compounds. It enables the development of (Q)SAR models for organic molecules from both

homogeneous and heterogeneous chemical classes. GUSAR employs QNA descriptors, which
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represent a molecule as a set of tuples of real values P, Q. The P and Q values are calculated

for each atom in a molecule using the connectivity matrix together with values of the standard

ionization potential and electron affinities of its constituent atoms.

The current version of GUSAR additionally incorporates selected physicochemical descrip-

tors and biological descriptors derived from Pa-Pi predictions produced by the PASS algorithm.

The underlying modeling procedure is based on the self-consistent regression (SCR) method [28],

which is used in combination with nearest-neighbor evaluation and a radial basis function ar-

tificial neural network (RBF ANN) constructed from SCR outputs to obtain a multiple-model

consensus [81]. A comparative study of the first GUSAR version with widely used methodolo-

gies such as CoMFA, CoMSIA, GOLPE/GRID, and HQSAR demonstrated clear advantages

of this approach for QSAR model construction [25]. In the Collaborative Modeling Project for

Androgen Receptor Activity (CoMPARA), GUSAR predictions were also found to be robust

and accurate, further supporting the reliability of the method [50].

Within the framework of the JEDI COVID-19 Challenge, QSAR models were developed

using the GUSAR software for three viral targets: 3CLpro, PLpro, and RdRp. For 3CLpro and

RdRp, regression models were obtained with the following characteristics: 3CLpro, N = 45,

R2 = 0.981, Q2 = 0.836, F = 7.220, SD = 0.410, V = 11; RdRp, N = 888, R2 = 0.875,

Q2 = 0.818, F = 10.570, SD = 0.501, V = 213. Here, N is the number of compounds in the train-

ing set; R2 is the determination coefficient; Q2 is the leave-one-out cross-validated determination

coefficient; SD is the standard deviation; and V is the number of variables.

Due to the small size of the training set, only a classification model was built for PLpro, with

the following characteristics: N = 16, Sens = 1.000, Spec = 0.700, BA = 0.850, V = 3. Here,

N is the number of compounds in the training set; Sens denotes sensitivity; Spec, specificity;

BA, balanced accuracy; and V is the number of variables.

1.4. Molecular Modeling for Verification of Selection

The final validation of a selected subset of hits was conducted using molecular docking to

predict ligand binding poses and estimate binding affinities based on docking scores. Docking

calculations were performed with DOCK 6.5 [76] and AutoDock Vina [4]. The scoring function

cutoffs for compound selection were set to −65 kcal/mol for DOCK 6.5 and −8.0 kcal/mol for

AutoDock Vina, respectively. The resulting docking poses were visually inspected to evaluate

their compatibility with the subpockets within the protease active sites and to analyze key

binding interactions, including hydrogen bonding, steric complementarity, and electrostatic fit.

1.5. Targets Selection

Four out of the six targets proposed by the organizers of the JEDI COVID-19 Challenge

against COVID-19 were selected based on the following criteria: (1) the critical role of the

target in coronavirus entry into host cells or viral replication; (2) the availability of reference

compounds enabling activity assessment by similarity; (3) the availability of data on drug-like

compounds suitable for constructing (Q)SAR training sets; and (4) the presence of a resolved

three-dimensional structure in the Protein Data Bank. Targets satisfying at least three of these

four criteria were deemed suitable for subsequent analysis.

3-chymotrypsin-like protease (3CLpro/Mpro). The 3C-like protease (3CLpro), also

referred to as nonstructural protein 5 (Nsp5), is first auto-catalytically cleaved from the viral
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polyprotein to yield the mature enzyme. Subsequently, it mediates proteolytic processing of

downstream nonstructural proteins at 11 distinct cleavage sites, thereby releasing Nsp4-Nsp16.

Numerous three-dimensional structures of this protease are currently available in the Protein

Data Bank (PDB). At the initial stage of this study, all available crystallographic structures

of 3CLpro were retrieved from the RCSB PDB and analyzed to identify key structural fea-

tures involved in inhibitor binding. For molecular docking investigations, the crystal structure

with PDB ID 6LU7, complexed with the peptide-like inhibitor N3, was selected as the target.

This structure was chosen because it contains one of the largest inhibitors, which closely mim-

ics the natural substrate of the protease. Protein structure preparation was carried out using

the SYBYL-X 8.1 software suite [73] and involved the following steps: (a) removal of the co-

crystallized inhibitor, water molecules, and ions; (b) addition of hydrogen atoms; (c) assignment

of atomic charges using the Gasteiger—Hückel method; and (d) energy minimization in vacuum

employing the Tripos force field.

Papain-like proteinase (PLpro). PLpro cleaves the N terminal region of the replicase

polyprotein to release Nsp1, Nsp2, and Nsp3, an essential step in assembling the viral replicase

complex and enabling efficient viral replication. The crystal structure 6WUU was selected as the

target for molecular docking, and it was prepared using the same protocol previously applied

for 3CLpro.

RNA-dependent RNA polymerase (RdRp). Nsp12, a highly conserved protein among

coronaviruses, serves as the RNA-dependent RNA polymerase (RdRp) and constitutes the cen-

tral catalytic component of the viral replication-transcription complex.

Transmembrane peptidase serine 2 (TMPRSS2). TMPRSS2 mediates proteolytic

cleavage of the SARS-CoV-2 spike protein, thereby enhancing viral infectivity. However, the

three-dimensional structure of TMPRSS2 has not yet been experimentally determined.

1.6. Libraries

Nine libraries were used for preparation of “billion compounds” set for virtual screening.

Library 1. ZINC [82] included 920839556 structures. Over 750 million compounds were

potentially purchasable.

Library 2. SAVI (Synthetically Accessible Virtual Inventory) [65] included about 1.75 bil-

lion proposed products structures with reactions generated in the first full enumeration of the

SAVI project. Number of the synthesizable compounds is about 976 million (621 million without

stereoisomers).

Library 3. SWEETLEAD [72] included 9127 structures (7636 without stereoisomers).

Library 4. AMS (Aldrich Market Select) [1] included 4787319 structures, with samples

available in stock of Merck KGaA collected in the framework of the program “Antimicrobial

Stewardship”.

Library 5. Antiviral CAS dataset [2] included 49408 structures of antiviral compounds and

their analogs collected by Chemical Abstracts Services.

Library 6. Natural Compounds Set included 118894 structures of natural compounds col-

lected by our team from several publicly available databases: ChEBI [11], NANP DB [55],

NPASS [54], NuBBE DB [56], UNPD [75].

Library 7. IBS Natural Compounds Set [38] included 69034 structures of natural com-

pounds, their analogs and derivatives, which samples could be purchased from InterBioScreen

Ltd.
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Library 8. WWAD (World Wide Approved Drugs) [79] included 4108 structures of the

launched drugs prepared by our team in the framework of our project dedicated to drug repur-

posing.

Library 9. ENAMINE in-stock compounds [23] included 1.94 million structures that could

be obtained from Enamine Ltd.

All data were subjected to pre-processing and standardization procedures using ChemAxon

JChem Instant software and the in-house developed program ClearSDF, in full accordance with

current methodological recommendations [29–31]. Following the data curation and prioritization

of compounds with a higher probability of experimental availability or synthetic feasibility, a

final library comprising 1082000000 structures was prepared and subsequently analyzed using

the computational approaches described above.

A unified dataset of curated chemical compound structures was constructed by integrating

data from nine independent sources, followed by the removal of duplicate entries. Establish-

ing structural uniqueness requires evaluation of molecular graph isomorphism, a NP-complete

problem, making pairwise comparisons among approximately two billion structures computa-

tionally infeasible. To overcome this, QNA descriptors were calculated for each structure, and

a single real-valued parameter – the Q-index (the sum of atomic Q values) – was assigned to

each compound. Using the quicksort algorithm, compounds were ordered by increasing Q-index.

Only those compounds with Q-index differences below 10−9 were subsequently tested for iso-

morphism. This approach reduced the number of required graph isomorphism checks from

N(N-1)/2N(N-1)/2 to a near-linear-scale computation.

2. Results and Discussion

2.1. Selection of Potential Anti-coronavirus Agents

As illustrated in Fig. 1, based on the evaluation of MNA and QNA similarity for the reference

compounds described in Section 1, a total of 42509 hits were identified. These included 12230 pu-

tative 3CLpro inhibitors, 25812 putative PLpro inhibitors, 3584 putative RdRp inhibitors, and

883 putative TMPRSS2 inhibitors. Subsequent selection was performed using PASS predictions,

yielding 7148 potential 3CLpro inhibitors, 25782 potential PLpro inhibitors, 3544 potential

RdRp inhibitors, and 882 potential TMPRSS2 inhibitors.

Owing to the absence of a resolved spatial structure for transmembrane peptidase serine 2

(TMPRSS2), and the inability to construct both regression and classification models for its in-

hibitors using the GUSAR platform, this stage of selection was considered final for that molecular

target.

As the probability of TMPRSS2 inhibitory activity predicted by PASS is below 0.4, it

may be inferred that the likelihood of detecting this activity experimentally is relatively low.

Nevertheless, should the prediction be experimentally confirmed, the identified compound could

serve as a lead structure representing a novel chemical class associated with the investigated

biological activity (New Chemical Entity) [26].

Subsequent analyses were performed for the remaining three targets employing both re-

gression and classification (Q)SAR models developed using the GUSAR platform. As a result,

6655 potential 3CLpro inhibitors and 3387 potential RdRp inhibitors with estimated IC50 values

below 10 µM were identified. In the case of PLpro, the classification models yielded 6981 hits

predicted to belong to the “active” class.
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For RdRp, this stage represented the final step of the selection process. The top five predicted

RdRp inhibitors demonstrated markedly high Pa-Pi values, suggesting a high probability of

experimental confirmation. Nevertheless, these compounds exhibited strong structural similarity

to approved antiviral agents, with four of the five being listed in the CAS antiviral database.

The compounds included in the RdRp training set were nucleotide analogues. Their proposed

mechanism of inhibition involves incorporation into the growing RNA chain, thereby terminating

RNA elongation by preventing the subsequent addition of nucleotides. The molecular docking

programs employed in this study are not appropriate for accurately predicting binding poses or

estimating the binding affinities of inhibitors that act through such a mechanism. Consequently,

the molecular docking approach was not utilized at the final stage of compound selection for

RdRp.

For compounds predicted to possess 3CLpro and PLpro inhibitory activity, additional molec-

ular docking studies were conducted as described above. This analysis resulted in the identifi-

cation of 45 potential 3CLpro inhibitors and 38 potential PLpro inhibitors. Notably, for these

compounds, the computational predictions derived from similarity assessment and Tab. 2 sum-

marizes the three compounds predicted to be the most probable inhibitors for each target.

In consideration of the requirements of the JEDI COVID-19 Challenge (10000 hits per tar-

get), the highest-scoring compounds described above were supplemented with additional com-

pounds of lower scores, where such data were available.

2.2. Lessons Learned from Our Participation in the JEDI COVID-19

Challenge

According to the expert evaluation conducted by the JEDI COVID-19 Challenge organizers,

thirty-six compounds proposed by our research group were synthesized and assessed in anti-

coronavirus bioassays. Among these, one compound exhibited inhibitory activity against PLpro,

with an IC50 value in the micromolar range [67].

In accordance with the initial guidelines provided by the JEDI COVID-19 Challenge orga-

nizers, several approved drugs were also included among the compounds proposed as potential

anti-coronavirus agents. However, their inhibitory activity was not examined within the frame-

work of the JEDI COVID-19 Challenge, as multiple studies had already reported the results of

screening approved drug libraries against SARS-CoV-2 targets [39, 41, 63, 74].

Several of our predictions concerning potential anti-coronavirus agents among approved

drugs were subsequently corroborated by independent investigations. Specifically, inhibition of

3CLpro was demonstrated for narlaprevir, boceprevir, telaprevir [5, 44], carmofur, and disulfi-

ram [46]; inhibition of RdRp for sofosbuvir and gemcitabine [80]; and inhibition of PLpro for

dihydroquercetin and hesperetin [42].

The requirement established by the JEDI COVID-19 Challenge organizers to submit

10000 compounds predicted to interact with each of the three SARS-CoV-2 viral targets ap-

pears to have been overly stringent. Despite computational screening of approximately one bil-

lion synthesizable structures and the application of three independent in silico approaches, our

study did not yield that number of hits supported by sufficient evidence. If other teams in the

JEDI COVID-19 Challenge faced similar difficulties, it is plausible that the organizers received

a large volume of low-confidence data, necessitating substantial additional effort for its further

evaluation.
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Table 2. The most probable hits for the analyzed targets

Transmembrane peptidase serine 2 (TMPRSS2)

Name (Database) Structure Pa-Pi

ZINC001252905755 (ZINC) 0.315

Z355234742 (Enamine) 0.286

Z198103156 (Enamine) 0.280

RNA-dependent RNA polymerase

Name (Database) Structure Pa-Pi

BRDWIEOJOWJCLU-LTGWCKQJSA-N (AMS) 0.977

1911578-74-9 (CAS antiviral DB) 0.977

1911578-77-2 (CAS antiviral DB) 0.973

3-chymotrypsin-like protease

Name (Database) Structure Scoring Function

CHUUJOGSXZEWIU-NSCUHMNNSA-N (AMS) −66.2

(Dock 6.5)

SPSIFTRUXBQBRF-YOENDLTHSA-N (AMS) −8.4

(AutoDock Vina)

SXCFTBTXHZXEIN-NRFANRHFSA-N (AMS) −8.6

(AutoDock Vina)

Papain-like proteinase

Name (Database) Structure Scoring Function

NIKRPEWINGWQFH-FOWTUZBSSA-N (AMS) −8.2

(AutoDock Vina)

DUJJXYLPLPJJQH-RVDMUPIBSA-N (AMS) −9.7

(AutoDock Vina)

ORPOQLQFKDBKIH-UHFFFAOYSA-N (AMS) −8.2

(AutoDock Vina)

Another plausible inference from this observation is that the chemical spaces of known an-

tiviral agents and those of currently available synthesizable compounds differ substantially. This

finding aligns with earlier work published in 2016 [43], which showed that antiviral compounds

from ChEMBL cluster within specific regions of chemical space, with distinct antiviral classes

occupying “privileged” zones on GTM (Generative Topographic Mapping) maps that diverge
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from the more general drug-like chemical space. Subsequent studies similarly demonstrated that

a curated and similarity expanded set of SARS-CoV-2 active compounds occupies a region of

chemical space that extends well beyond that of a large commercially available coronavirus

focused library (over 20000 molecules) and exhibits distinct scaffold distributions [7].

Currently, the clinically validated direct-acting small-molecule antivirals approved for the

treatment of SARS-CoV-2 infection (as opposed to in vitro activity only) include remdesivir,

molnupiravir, and the combination nirmatrelvir/ritonavir (Paxlovid). Remdesivir (GS 5734),

originally developed by Gilead Sciences, is a nucleotide analogue initially designed for the treat-

ment of severe RNA virus infections with pandemic potential, with an early focus on the Ebola

virus [21]. Molnupiravir (EIDD 2801, MK 4482) was originally conceived as an orally bioavail-

able, broad-spectrum nucleoside analogue for the treatment of alphavirus and influenza virus

infections, reflecting its early development as an anti influenza and anti respiratory RNA virus

candidate [19]. The combination of nirmatrelvir with ritonavir (Paxlovid) was developed and

authorized by Pfizer in record time; notably, nirmatrelvir was not synthesized de novo but rather

derived from the earlier optimized SARS-CoV protease inhibitor PF 00835231 [35].

Therefore, it is not surprising that, despite the substantial efforts of 130 research teams

comprising approximately 600 experts from leading institutions worldwide (about 45% from

Europe, 30% from the Americas, 20% from Asia, and 5% from Africa) participating in the JEDI

COVID-19 Challenge and screening billions of synthesizable compounds, only 27 weak inhibitors

of SARS-CoV-2 targets were ultimately identified [36]. Clearly, the ambitious goal announced

at the outset of the JEDI COVID-19 Challenge “To screen billions of molecules with blocking

interactions relevant to SARS-CoV-2, and fast-track the route to a therapeutic treatment” was

not achieved and, in all likelihood, could not have been achieved using this approach.

The initial plan was to commence virtual screening on May 4, 2020, and complete it by June

6, 2020. However, this deadline was extended several times, with the final submission date for

reports set for July 17, 2020. Aggregation and evaluation of the submitted results were completed

by November 18, 2020. In total, 1200 compounds were included in the final list, of which 1000

were selected for synthesis. By April 21, 2021, 878 compounds were synthesized and were tested

in anti-SARS-CoV-2 assays by May 24, 2021. At that stage, it became evident that none of the

identified inhibitors exhibited activity with an IC50 value of 100 nanomolar or better.

On July 7, 2022, Prof. Thomas Hermans, program manager of the “JEDI Billion Molecules

Against COVID 19 Grand Challenge,” submitted his Letter of Resignation, outlining the organi-

zational challenges encountered during the project. It was subsequently decided to prepare a joint

manuscript representing the collective efforts of the participating community. The manuscript

was submitted to the Journal of the American Chemical Society on March 3, 2023, and re-

jected on April 11, 2023. The revised version was later accepted for publication in Molecular

Informatics on October 13, 2023, and published in January 2024 [53].

Just as “One woman can give birth to a child in nine months, but nine women cannot

give birth to a child in one month”, the discovery of an effective anti-coronavirus drug cannot

be hastened merely by increasing the number of researchers, even if they possess substantial

expertise in the field.

The testing results for compounds selected by thirty research teams using three independent

computational approaches indicated that the accuracy of virtual screening remained low – only

a few percent (27/878 ≈ 0.03). This outcome can be attributed primarily to the pronounced

scarcity of reliable data at the initial stage of the project. At that time, all available compounds
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with reported (“measured”) activity were incorporated into the training sets for the development

of (Q)SAR models. Subsequent analyses revealed, however, that some of these compounds lacked

genuine biological activity. The inclusion of low-confidence data introduced substantial noise into

the training sets, thereby diminishing the predictive performance of the models – a clear case of

purgamentum init, exit purgamentum (“garbage in, garbage out”).

Nevertheless, even under such conditions, despite the highly limited and noisy training

data, the (Q)SAR models developed using machine learning and molecular modeling approaches

enabled a substantial reduction in the human, temporal, material, and financial resources re-

quired for experimental investigations. Instead of synthesizing and biologically testing billions

of molecules, only 878 compounds were synthesized and evaluated in biological assays, leading

to the identification of 27 novel anti-coronavirus agents.

Conclusion

On May 5, 2023, the World Health Organization lifted the Public Health Emergency of

International Concern (PHEIC) designation, signifying the transition from the acute phase of

the COVID-19 pandemic to its long-term endemic management. Nevertheless, the consequences

of SARS-CoV-2 infection – particularly long COVID – remain a significant health burden for

many patients [69].

The urgent need for a prompt and coordinated response to the COVID-19 pandemic has

driven an unprecedented acceleration of scientific and clinical research. The viral genome has

been sequenced; diagnostic assays based on PCR and ELISA methodologies have been devel-

oped; fundamental mechanisms underlying viral pathogenesis have been elucidated; putative

molecular targets have been identified; and experimental models have been established for the

in vitro evaluation of potential antiviral agents. Ongoing clinical studies are focused on repur-

posing existing pharmacotherapies, assessing the safety and efficacy of candidate vaccines, and

characterizing the distinctive features of patients responses to infection and therapeutic inter-

ventions. A substantial portion of these findings is disseminated almost immediately through

online platforms of scientific journals and various specialized research databases.

Certain inconsistencies have been noted between experimental findings and clinical out-

comes, highlighting the need for further methodological refinement and validation. Moreover,

some studies disseminated through accelerated publication venues lack sufficient methodological

rigor and therefore warrant more comprehensive evaluation.

The distinctiveness of the JEDI COVID-19 Challenge lies in its requirement to conduct

integrative analyses of experimental and clinical data on SARS-CoV-2/COVID-19 in near real

time, in parallel with the rapid emergence of new scientific evidence. Beginning with data on

several dozen compounds that demonstrated inhibitory activity against viral infection in cell-

based assays, we subsequently assembled training datasets and developed classification and

regression (Q)SAR models. These models were then applied for large-scale virtual screening

to identify compounds with prospective anti-coronavirus activity among more than one billion

drug-like molecules.

Experimental validation of these selected hits is expected to significantly enrich the current

knowledge base in this domain, considering that conventional training sets employed in (Q)SAR

model development typically comprise only several thousand compounds, whereas the estimated

size of the drug-like chemical space approaches approximately 1060 molecules [53]. We anticipate

that the continued accumulation of experimental data and systematic exploration of the chemical
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space will accelerate the discovery of novel therapeutic agents with enhanced safety and efficacy

profiles for the treatment of COVID-19.

According to existing estimates, in addition to viruses, there exists a vast array of other

potential biogenic threats worldwide, including up to 1012 distinct microorganisms, 66 fungal

strains, and approximately 391000 plant species. Consequently, new diseases threatening human

health may emerge as a result of hypersensitivity reactions to substances secreted by these bi-

ological species, as well as from infections or toxic effects they induce [69]. Furthermore, the

potential for such biogenic threats has been convincingly demonstrated by Chinese researchers,

who conducted systematic studies and identified eight novel pathogenic viruses in rodents in-

habiting the tropical island of Hainan [47]. These viruses are considered highly likely to infect

humans should they succeed in crossing the species barrier.

As evidenced by the COVID-19 pandemic, the only rapid response to an emerging biogenic

threat is the application of the already available drugs – that is, their repurposing for new ther-

apeutic indications. The consequences of previous biogenic threats, such as SARS, MERS, and

others, were fortunately less severe; however, this circumstance led to a rapid decline in invest-

ments in related research. Consequently, humanity was insufficiently prepared for the COVID-19

pandemic. Considering the lessons learned from this crisis, it is essential to maintain and fur-

ther develop the research initiatives established during this period, particularly within existing

consortia, to continue the discovery of new antiviral agents and to establish robust theoretical,

practical, and methodological frameworks for an effective response to future biogenic threats [8].

In view of these considerations, we are in full agreement with the assertion of former NIH

Director Francis Collins, who stated: “Perhaps the most valuable lesson that COVID-19 has

taught the research community – and hopefully society more broadly – is the importance of

collective effort and continuous investment in basic and applied research.” [14].
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