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Ab initio characterization of protein 
molecular dynamics with AI2BMD

Tong Wang1,2,3 ✉, Xinheng He1,2, Mingyu Li1,2, Yatao Li1,2, Ran Bi1, Yusong Wang1, 
Chaoran Cheng1, Xiangzhen Shen1, Jiawei Meng1, He Zhang1, Haiguang Liu1, Zun Wang1, 
Shaoning Li1, Bin Shao1,3 ✉ & Tie-Yan Liu1

Biomolecular dynamics simulation is a fundamental technology for life sciences 
research, and its usefulness depends on its accuracy and efficiency1–3. Classical 
molecular dynamics simulation is fast but lacks chemical accuracy4,5. Quantum 
chemistry methods such as density functional theory can reach chemical accuracy 
but cannot scale to support large biomolecules6. Here we introduce an artificial 
intelligence-based ab initio biomolecular dynamics system (AI2BMD) that can 
efficiently simulate full-atom large biomolecules with ab initio accuracy. AI2BMD  
uses a protein fragmentation scheme and a machine learning force field7 to achieve 
generalizable ab initio accuracy for energy and force calculations for various proteins 
comprising more than 10,000 atoms. Compared to density functional theory, it 
reduces the computational time by several orders of magnitude. With several hundred 
nanoseconds of dynamics simulations, AI2BMD demonstrated its ability to efficiently 
explore the conformational space of peptides and proteins, deriving accurate 3J 
couplings that match nuclear magnetic resonance experiments, and showing protein 
folding and unfolding processes. Furthermore, AI2BMD enables precise free-energy 
calculations for protein folding, and the estimated thermodynamic properties are 
well aligned with experiments. AI2BMD could potentially complement wet-lab 
experiments, detect the dynamic processes of bioactivities and enable biomedical 
research that is impossible to conduct at present.

The research paradigm of life sciences is shifting as the accuracy of 
computational simulation models is becoming indistinguishable from 
that of wet-lab experiments1,2. Among the computational models, 
molecular dynamics (MD) simulation, as the ‘computational micro-
scope’, is of particular interest for understanding how life works3,5,8. 
MD simulations study the dynamic evolution of molecules by moving 
the atoms in a molecular system. They differ in the way that the forces 
are calculated3. In classical MD, forces are calculated using a prescribed 
interatomic potential function, whereas in ab initio MD (AIMD), forces 
are calculated using the potential derived from the electronic structure 
of molecules6. AIMD provides accurate characterization of molecules; 
the main challenge of applying AIMD to biomolecular simulation is 
scalability. On the one hand, the widely used quantum chemistry meth-
ods for AIMD are computationally expensive; for example, with the 
system size N, the time complexity of density functional theory (DFT) 
is about O N( )3 , and that of the coupled cluster method with the inclu-
sion of single, double and perturbative triple excitations (CCSD(T)) is 
O N( )7 . On the other hand, observing important conformational changes 
for biomolecules such as proteins usually requires billions of steps 
with at least cubic time complexity for thousands of atoms4. Until now, 
scalable and accurate AIMD for biomolecules has not existed.

To alleviate the dilemma, machine learning force fields (MLFFs) 
trained on data generated at the DFT level provide accurate force 

calculations at a much lower cost and can be applied to small peptides 
and proteins7,9,10. The ability to generalize is the key challenge for the 
applicability and robustness for biomolecule simulations11. First, as the 
conformational space of a molecule is enormous, training on limited 
conformations of one kind of molecule and adapting it for conforma-
tional space exploration of other kinds of molecule is difficult5. Second, 
as the time and cost for generating data with DFT increase cubically with 
the size of the molecules, the lack of training data hinders the applica-
tion of MLFFs for large biomolecules11. Furthermore, it is impossible to 
train a specific model for each kind of protein, and a unified solution 
with good generalization ability is needed.

In this study, we propose AI2BMD, a generalizable solution for effi-
ciently simulating a wide range of full-atom proteins with ab initio accu-
racy, surrounded by an explicit solvent modelled by a polarizable force 
field (Fig. 1). A generalizable protein fragmentation approach splits 
proteins into overlapped protein units. Simulations are performed by 
the AI2BMD simulation system. At each simulation step, the AI2BMD 
potential, based on ViSNet7, calculates the energy and atomic forces for 
the protein with ab initio accuracy. Through comprehensive analysis 
from both kinetics and thermodynamics perspectives, AI2BMD exhibits 
good alignment with wet-lab experimental data, such as the melting 
temperature of fast-folding proteins, and detects different phenomena 
than molecular mechanics (MM).
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Energy and force calculations
To provide a generalizable solution for accurately simulating proteins, 
AI2BMD adopts a universal protein fragmentation approach. Although 
generating samples for a specific kind of protein and training MLFF on 
them is straightforward, simulating other kinds of protein with the 
MLFF usually leads to simulation collapse12 (Supplementary Fig. 1). 
Furthermore, it is computationally prohibitive to generate training 
data at the DFT level for large proteins. Thus, we fragment proteins into 
smaller units, specifically dipeptides, calculate intra- and inter-unit 
interactions, and then assemble them to determine the protein energy 
and forces acting on the atoms (see Methods for more details). Our 
fragmentation approach contains only 21 kinds of protein unit, and 
all protein units have similar and moderate numbers of atoms (range 
from 12 to 36), which is convenient for DFT data generation and MLFF 
training. Moreover, all kinds of protein can be broken down into the 21 
kinds of protein unit, indicating that this is a generalizable fragmenta-
tion approach.

We built a comprehensively sampled protein unit dataset. During 
dataset construction, we scanned the main-chain dihedrals of all 
protein units to cover a wide range of conformations and ran AIMD 
simulations with the 6-31g* basis set and the M06-2X functional13, as 
this functional models dispersion and weak interactions well and has 
been widely used for biomolecules14,15. We obtained 20.88 million sam-
ples (see Methods for more details). The whole dataset was split into 
training, validation and test sets to train ViSNet7 models as the AI2BMD 
potential. The model encodes physics-informed molecular represen-
tations and calculates four-body interactions with linear time com-
plexity. The model subsequently generates precise force and energy 
estimations based on the atom types and the coordinates as inputs 
(Methods and Extended Data Fig. 1). The performance of the AI2BMD 
potential was compared with that of the conventional MM force field 
on the test set, with the results presented in Supplementary Table 1. 

In terms of energy mean absolute error (MAE), the AI2BMD potential 
outperformed the MM force field by approximately two orders of mag-
nitude (AI2BMD: 0.045 kcal mol−1, MM: 3.198 kcal mol−1). The AI2BMD 
potential also demonstrated superior performance for the force MAE 
(0.078 kcal mol−1 Å−1) compared to MM (8.125 kcal mol−1 Å−1). Overall, 
the AI2BMD potential offers accurate predictions for both potential 
energy and atomic forces for protein units.

On the basis of the AI2BMD potential, we developed an MD simu-
lation system with a polarizable solvent described by the AMOEBA 
force field16 (see the Methods for further details). Then we conducted 
simulations for 9 proteins with the number of atoms ranging from 
175 to 13,728 (Fig. 2a; see the Methods for more details). Each protein 
was assessed with 5 folded, 5 unfolded and 10 intermediate structures 
derived from replica-exchange MD simulations as the initial confor-
mations, and 10 AI2BMD simulation steps were run resulting in 200 
structures per protein. The AI2BMD simulation system’s ability to reach 
ab initio accuracy was evaluated by comparing its results to those cal-
culated by DFT. Calculations by MM act as a control (Fig. 2b–e). For 
evaluation on potential energy (Fig. 2b,c), MM exhibited a broader 
error distribution and a much higher upper bound of error (that is, the 
maximum error) than AI2BMD. The average MAE of the MM potential 
energy consistently hovered around 0.2 kcal mol−1 per atom, whereas 
AI2BMD achieved a much lower value (0.038 kcal mol−1 per atom, aver-
aged over the five proteins) (Fig. 2b). As the protein size increased from 
chignolin (175 atoms) to PACSIN3 (1,040 atoms), the increase of energy 
errors could be attributed to insufficient modelling for the escalat-
ing many-body interactions among protein units. For proteins from 
SSO0941 with 2,450 atoms to aminopeptidase N with 13,728 atoms, 
the reference value could be determined only through fragmented 
DFT (Fig. 2c). For these four proteins, AI2BMD’s performance (MAE 
of 7.18 × 10−3 kcal mol−1 per atom) was substantially superior to that 
of MM (0.214 kcal mol−1 per atom). In terms of force (Fig. 2d,e), com-
pared with the MM force field, AI2BMD aligned much more closely 
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Fig. 1 | The overall pipeline of AI2BMD. Proteins are divided into protein units 
by a fragmentation process. The AI2BMD potential is designed on the basis of 
ViSNet, and the datasets are generated at the DFT level. It calculates the energy 
and atomic forces for the whole protein. The AI2BMD simulation system is built 
on these components and provides a generalizable solution for simulating the 

MD of proteins. It achieves ab initio accuracy in energy and force calculations. 
Through comprehensive analysis from both kinetics and thermodynamics 
perspectives, AI2BMD exhibits good alignment with wet-lab experimental data 
and detects different phenomena than MM.
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with DFT results. For the first five proteins directly calculated by DFT, 
AI2BMD had an average MAE of 1.974 kcal mol−1 Å−1 compared to MM’s 
8.094 kcal mol−1 Å−1 (Fig. 2d). For the last four large proteins, AI2BMD 
achieved an average MAE of 1.056 kcal mol−1 Å−1, whereas MM’s value was 
8.392 kcal mol−1 Å−1 across four systems (Fig. 2e). We further compared 
the performance of AI2BMD for different conformations. As shown in 
Supplementary Figs. 2–4, the MAE values of the potential energy for 
unfolded, intermediate and folded conformations of each kind of pro-
tein were analysed. The MAE values of the potential energies of different 

conformations fluctuated among different proteins, whereas those of 
the atomic forces were slightly increased from unfolded conformations 
to folded conformations. The minimal MAE across different proteins 
and conformations underscores the ab initio accuracy of the AI2BMD  
system.

Furthermore, to examine the efficiency of AI2BMD, we compared 
the time consumption of the energy calculation for all nine proteins 
by AI2BMD and DFT calculation software with graphics processing 
unit (GPU) support. In Fig. 2f, we present the computation time for 
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Fig. 2 | Evaluation of energy and force calculations by AI2BMD and MM.  
a, Folded structures of nine evaluated proteins. For these proteins, the number 
of atoms ranges from 175 to 13,728. b–e, The MAE of potential energy (b,c) and 
atomic force (d,e). For each protein, we conducted replica-exchange MD and 
structure clustering to select representative structures, including folded, 
unfolded or intermediate states. AI2BMD simulations were conducted for the 
representative structures, and 200 samples in total were selected for evaluation. 
For the first 5 proteins within 1,040 atoms shown in b,d, DFT calculation for the 
whole protein performed by ORCA with the same settings in dataset generation 
is set as the reference value, whereas for the last 4 proteins shown in c,e, the 

reference value is set as the fragment DFT calculation owing to prohibitive 
computational cost. In b,c, the potential energy of each structure has that of 
the initial folded structure subtracted, and then is normalized by the number of 
atoms. The error bars in b–e indicate the standard deviations of the potential 
energy and atomic force of 200 different samples of the protein (n = 200), with 
each sample shown as a filled circle. f, Comparison of time consumption of 
energy calculation for nine proteins. DFT calculations were carried out on a 
GPU. For the last five proteins, the time consumption by DFT was estimated by 
the fitting curve from those of the first four proteins and is shown with a dashed 
line and circles. The inset shows a comparison for the first four proteins.
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AI2BMD and DFT on a desktop with an A6000 GPU card (48-GB GPU 
memory) and 32 central processing unit cores. It is obvious that AI2BMD 
achieved ab initio accuracy much faster than DFT. The computational 
time for AI2BMD exhibited a near-linear increase. AI2BMD took 0.072 s 
to perform a simulation step for Trp-cage with 281 atoms, compared 
to 21 min by DFT. For the albumin-binding domain with 746 atoms, 
the time slightly increased to 0.125 s for AI2BMD compared to 92 min 
for DFT. For a larger protein, aminopeptidase N with 13,728 atoms, it 
was 2.610 s, and DFT calculations were not feasible with the estimated 
time exceeding 254 days, which would be more than 6 orders slower 
than AI2BMD. We further compared AI2BMD’s simulation speed with 
that of other AI-driven simulation systems, including DPMD17 and 
Allegro18, as well as the AMOEBA force field implemented in Tinker 8  
(ref. 19) and ff19SB implemented in Amber. As shown in Extended 
Data Table 1, AI2BMD exhibits a faster simulation speed, except for 
the smallest protein chignolin, than DPMD, even though DPMD uses a 
simpler model architecture. AI2BMD’s simulation speed substantially 
surpassed Allegro and AMOEBA for all cases. Furthermore, both DPMD 
and Allegro encountered an ‘out-of-memory’ error on an A6000 GPU 
card for some large proteins, whereas AI2BMD worked well. In addition, 
a non-polarizable force field exhibits the fastest simulation, being 
about one order faster than AI2BMD. In summary, AI2BMD is versatile, 
is generalizable to various proteins and offers both ab initio accuracy 
and highly efficient calculation for MD simulation.

Conformational space exploration
To demonstrate the capabilities of AI2BMD for conformational space 
exploration and protein kinetics, we carried out AI2BMD simulations 
for both protein dipeptides and proteins. We initially constructed an 
asparagine dipeptide (Ace-N-Nme) in which the amino acid is capped 
with acetyl and N-methylamino groups at its amino and carboxy ter-
mini, respectively, in a 5-Å water box and sampled the hydrogen bonds 
between the solute and the solvent by carrying out a 500-ps simulation 
using quantum mechanics (QM)–MM, AI2BMD with polarizable embed-
ding and MM with Amber ff19SB. Then we scanned the distance between 
the oxygen in the water molecule and the acceptor on the dipeptide 
and calculated the energy fluctuations for the entire system by pure 
QM, AI2BMD and MM. As depicted in Extended Data Fig. 2a,b, the dis-
tance distributions between the oxygen in the water molecule and the 
hydrogen-bond acceptor on the main chain, as sampled by QM–MM 
and AI2BMD, exhibited high similarity. AI2BMD also demonstrated an 
energy distribution much more consistent with QM–MM than MM in 
the hydrogen-bond scanning (Extended Data Fig. 2c). Furthermore, 
AI2BMD showed consistent O–O distance distributions in comparison 
to QM–MM for the side-chain hydrogen bond with water (Extended 
Data Fig. 2d–f), with the peaks of both AI2BMD and QM–MM located 
at identical positions. In conclusion, the hydrogen-bond sampling and 
scanning experiments suggest that AI2BMD can accurately model the 
solvent effect and the interactions between the solute and the solvent.

Then we comprehensively sampled the conformation space of 
different protein units. We first evaluated the accuracy of potential 
energy and atomic force calculations during the simulations produced 
by the AI2BMD system. AI2BMD simulations of 10 ns were carried out 
for each kind of dipeptide with a 10-Å water box, and 200 snapshots 
with solvent were evenly picked from the simulation trajectory. The 
energy and force were calculated by QM for the whole protein and the 
AMOEBA force field for the solvent part as the reference value. The MM 
calculations are for comparison. Throughout the various simulation 
trajectories, regardless of the type of protein unit involved, the rela-
tive energy and force for the entire system, as calculated by AI2BMD, 
showed neglectable errors when compared to the reference values. 
By contrast, the pure MM deviated substantially from the reference 
values (Fig. 3a–d and Supplementary Figs. 5 and 6). Specifically, for the 
negatively charged protein unit Ace-E-Nme (Fig. 3a), AI2BMD exhibited 

slight differences compared with the reference values during the simu-
lation (MAE: 0.183 kcal mol−1), whereas MM presented a distinct differ-
ence, with an MAE of 4.111 kcal mol−1. Furthermore, for Ace-R-Nme, the 
energy calculated by MM also exhibited fluctuations and was notice-
ably different from the reference value (MAE: 4.286 kcal mol−1 versus 
AI2BMD MAE: 0.477 kcal mol−1; Fig. 3b). In addition, AI2BMD consistently 
outperformed MM by a large margin for Ace-F-Nme with a benzene 
ring in the side chain (MM MAE: 2.997 kcal mol−1 versus AI2BMD MAE: 
0.091 kcal mol−1) (Fig. 3c). With smaller side chains, such as Ace-S-Nme 
(Fig. 3d), the discrepancy between AI2BMD and the reference value fur-
ther diminished (MAE: 0.056 kcal mol−1), whereas that of MM remained 
distinct (MAE: 2.788 kcal mol−1). For evaluations on atomic forces, 
AI2BMD also demonstrated much greater fidelity to the reference values 
(MAE: 0.002 kcal−1 mol−1 Å−1) than MM (MAE: 0.132 kcal mol−1 Å−1) for all 
cases in the 10-ns simulations (Supplementary Fig. 6). Consequently, 
AI2BMD maintained its accuracy across a diverse range of protein units 
during simulations.

We further comprehensively sampled the conformation space of 
different protein units. For each protein unit, we conducted 100 inde-
pendent AI2BMD simulations. To promote simulation efficiency, 50 
initial structures were first derived from comprehensively sampled MM 
trajectories. Then, each initial structure underwent two independent 
AI2BMD simulation runs with an explicit solvent for 1,000 ps, resulting 
in microsecond-level AI2BMD simulations for protein units. We then 
analysed the conformational space explored by AI2BMD by reproduc-
ing the 3J(HN, Hα) coupling measured by nuclear magnetic resonance 
(NMR) experiments13,20. The 3J(HN, Hα) coupling can accurately reflect 
the ϕ angle distributions for peptides13 and thus was adopted from an 
experimental view to measure the conformational space exploration 
by simulations for the protein units. With the proline and histidine 
dipeptides excluded, we calculated the 3J(HN, Hα) coupling values for 
the other 18 kinds of protein unit on the basis of the main-chain ϕ angles 
derived from AI2BMD simulation trajectories and then averaged the 
values of two parallel repeats to obtain the final estimates. As a com-
parison, those made by MM were reported in the ff19SB force field21. 
Figure 3e illustrates that those simulations driven by AI2BMD exhib-
ited a significantly higher Pearson correlation (ρ = 0.924) with NMR 
experiment measurements than those calculated by MM (ρ = 0.543). 
Furthermore, AI2BMD considerably outperformed MM for all protein 
units as shown in Fig. 3f. Such results further highlighted the effective-
ness of AI2BMD for conformation exploration and sampling from a 
wet-lab experimental perspective.

We then carried out AI2BMD simulations for the decapeptide chi-
gnolin22 in an explicit solvent to study the differences of its dynamics 
sampled by AI2BMD. A total of 60 simulations starting from folded 
or unfolded structures were conducted, and each simulation was up 
to 10 ns. AI2BMD captured both the folding and unfolding processes 
of chignolin during the simulations. In Fig. 4a and Supplementary 
Fig. 7a, starting from an unfolded structure, the protein formed into 
a folded hairpin structure with packed β-strands. During the process, 
the relative energy error of AI2BMD was 3.44 kcal mol−1, whereas that 
for MM was 15.20 kcal mol−1. By contrast, Fig. 4b and Supplementary 
Fig. 7b depict the unfolding process from the folded hairpin to an 
extended unfolded structure. During this process, the value calcu-
lated by AI2BMD differed from the reference value by 4.40 kcal mol−1, 
whereas MM exhibited a deviation of 15.11 kcal mol−1. In both simu-
lation processes, as shown in Supplementary Fig. 8, compared with 
the force error of 0.614 kcal mol−1 Å−1 for the folding process and 
0.620 kcal mol−1 Å−1 for the unfolding process made by MM, AI2BMD 
also exhibited much closer force calculations to the reference val-
ues (a force error of 0.063 kcal mol−1 Å−1 for the folding process 
and a force error of 0.073 kcal mol−1 Å−1 for the unfolding process).  
In addition, projecting the conformations from the simulation shown 
in Fig. 4a onto the free-energy landscape enables observation of the 
folding process from an unfolded metastable state to the folded 
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metastable state possessing the lowest energy values (Extended Data 
Fig. 3). These results indicate that AI2BMD can fold proteins by itself 
and detect meaningful conformational changes to study protein  
dynamics.

To further explore the differences in chignolin dynamics driven 
by AI2BMD and MD, we also carried out simulations by MM with the 
same initial structures and simulation configurations and found that 
AI2BMD simulations exhibited several distinct features. First, simula-
tions performed by AI2BMD exhibit similar structure fluctuations to 

those performed by MM. As shown in Fig. 4c, the root-mean-square 
deviation (RMSD) compared to the initial structure in AI2BMD simu-
lations increased slightly faster than that in classical MD simulations 
for the first few nanoseconds, and the gap gradually vanished as the 
simulations converged. After 10 ns, AI2BMD had an average RMSD of 
3.378 Å, whereas MM simulations reached 3.454 Å. We also analysed 
the distances of adjacent Cα atoms during the simulation. As shown 
in Supplementary Fig. 9, simulations by AI2BMD showed a similar dis-
tribution to that by MM. The averaged distances between adjacent Cα 
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atoms are 3.816 Å and 3.863 Å in AI2BMD and MM, respectively, which 
are close to the empirical value of 3.8 Å, implying that the simulations 
performed stably, without simulation collapse. Second, regarding the 
specific main-chain conformations depicted in the Ramachandran 
plot (Fig. 4d), AI2BMD exhibited a slightly broader distribution than 
MM, particularly in the region where ϕ ranges from 120° to 180° and 
ψ ranges from −60° to 180°. We further investigated the differences 
between AI2BMD and MM by inspecting the Ramachandran plot of 
each residue and found that such differences mainly came from the 
ϕ–ψ angle distribution of G7 (Extended Data Fig. 4a,b). As shown in 
Extended Data Fig. 4c,d, we then clustered all simulation trajectories 
into 10 clusters according to the ϕ and ψ angle of G7 and present the 
representative structures for each cluster. AI2BMD showed more diverse 
ϕ and ψ angles compared to MM for G7. Considering that glycine can 
explore most of the regions on the Ramachandran plot owing to the 
lack of a side chain23, the observations during simulations imply that 
AI2BMD could explore more possible conformational space without 
the harmonic constraints on bond lengths applied in MM.

Furthermore, using the Q score, which evaluates protein folding on 
the basis of contacts during simulations24, we separated the AI2BMD 
and MM snapshots into folded and unfolded structures. As shown in 
the residue minimum distance map (Fig. 4e), the results of AI2BMD 
and MM were similar in both folded and unfolded structures. They 
both described the stable interactions between chignolin’s N-terminal 
and C-terminal aromatic residues (Y2–W9) and the hydrogen bonds 
between D3 and G7. For the strongest hydrogen bond between D3 and 
G7 (refs. 22,25), the folded conformations sampled by AI2BMD depicted 
it as more stable (minimum distance of 2.86 Å in AI2BMD versus 2.98 Å 
in MM). The cumulative plots for the distance between the main-chain 
O of D3 and the main-chain N of G7 (Fig. 4f) also illustrate that AI2BMD 
stabilized the hydrogen bond more than MM. For unfolded structures, 
the trends of AI2BMD and MM were similar in that both described a 
much longer distance than that in the folded structures. These results 
indicate that by performing simulations with ab initio accuracy, AI2BMD 
can detect both meaningful conformational changes and detailed 
interatomic interactions to study protein dynamics. The observed 
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Fig. 4 | Analysis of chignolin dynamics by AI2BMD simulations. a,b, The  
error of relative potential energies of the entire system during the 10-ns 
simulations for chignolin starting from an unfolded structure (a) and a folded 
structure (b). QM calculation for the whole protein and AMOEBA force field 
calculation for the remaining solvent part act as the reference values. The 
relative energy is defined as the potential energy of each structure with that of  
a reference structure subtracted. The initial, intermediate and final structures 
during the simulations are shown at the top. The range of the potential energy 
fluctuation of the entire system during the simulation is about 500 kcal mol−1 
(see Supplementary Fig. 9 for further details). c, RMSD during an ensemble of 
60 trajectories of 10-ns simulations (the first 1 ns was omitted). The average 

RMSD is shown as a line, with the ranges of all 60 simulation trajectories shown 
in shading. d, Ramachandran plot of conformations sampled by AI2BMD (left) 
and MM (right) during an ensemble of 60 trajectories of 10-ns simulations. 
Different regions are highlighted with yellow rectangles for visualization.  
e, Residue minimum distance map for folded (left) and unfolded (right) 
structures. AI2BMD and MM are shown in the lower triangle matrix and upper 
triangle matrix, respectively. A π–π interaction and a hydrogen bond are 
highlighted with yellow squares for analysis. f, The cumulative plots for the 
distance between the main-chain O of D3 and the main-chain N of G7 for folded 
(left) and unfolded (right) structures.
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difference may be attributed to the fact that AI2BMD does not impose 
harmonic constraints on bonds and angles, thereby offering larger 
flexibility and closer approximation to real-world conditions.

Protein property estimation
To examine the usefulness of AI2BMD’s application in protein property 
estimation, we first investigated the thermodynamic properties of 
various fast-folding proteins simulated by AI2BMD. From the compre-
hensively sampled trajectories of proteins by ref. 4, we evenly procured 
100,000 snapshots for each protein and used the Q score to categorize 
them into folded and unfolded states. The representative folded and 
unfolded structures of the seven proteins (that is, BBA, WW domain, 
NTL9, homeodomain, protein G, α3D and λ-repressor) are shown in 
Extended Data Fig. 5a. These proteins consist of 504 to 1,258 atoms 
and showcase a variety of secondary structures. Clustering analysis 
shows that for each protein, the structure from the centre of the folded 
cluster exhibits close alignment with the corresponding folded crystal 
structures (Supplementary Fig. 10). We first calculated the potential 
energy values by AI2BMD and displayed the potential energy surface 
using time-lagged independent components. As shown in Extended 
Data Fig. 5b for the case of NTL9, for the results produced by both MM 
and AI2BMD, folded and unfolded structures were clearly separated 
with distinct potential energies, although the difference in potential 
energy between them was smaller in AI2BMD’s result. By reweighting on 
potential energy values, we estimated the free-energy difference during 
protein folding (ΔG) and the melting temperature (Tm) derived from 
simulation trajectories (Extended Data Fig. 5c,d and Supplementary 
Table 2). As such protein simulations were conducted near the corre-
sponding melting temperatures4, ΔG is expected to be closer to 0 and 
the calculated Tm is expected to be closer to the simulation temperature. 
Both MM and AI2BMD achieved small free-energy differences and com-
parable calculated melting temperatures to simulation temperatures, 
although AI2BMD slightly outperformed MM for these cases.

Notably, the WW domain is the only protein dominated by β-sheets 
in the evaluation26. Compared with the experimentally determined 
melting temperature of 371 ± 2 K for the WW domain26, the estima-
tion of Tm provided by AI2BMD was closer (359.06 ± 0.07 K) than that 
of MM (353.69 ± 0.38 K). NTL9 has a folded structure with an α-helix 
and β-sheets27. With the simulation temperature of 355 K nearly 
the same as the experimental Tm of 354.75 ± 1.7 K for NTL9 (ref. 28), 
AI2BMD achieved a better estimation of ΔG than MM (−0.34 kcal mol−1 
versus −1.54 kcal mol−1). Furthermore, AI2BMD estimated the Tm to be 
351.84 ± 0.11 K, which is more accurate than the value of 349.47 ± 0.35 K 
made by MM.

In addition, for all α-proteins, the homeodomain features a folded 
structure with three α-helices and loops29. Although AI2BMD’s ΔG 
estimation (−0.18 kcal mol−1) is smaller than MM’s (−0.73 kcal mol−1), 
their Tm predictions were nearly the same (AI2BMD: 359.61 ± 0.14 K; 
MM: 359.60 ± 0.13 K) and were comparable to the experimental Tm 
of >372 K (ref. 30). α3D is an artificial protein composed mainly of 
α-helices31. AI2BMD’s ΔG estimation is −0.098 kcal mol−1, whereas MM’s 
is 1.33 kcal mol−1. Both of the melting temperatures of 369.67 ± 0.06 K 
and 366.94 ± 0.26 K generated by AI2BMD and MM, respectively, were 
comparable to the experimental value (>363 K)32 for α3D. λ-repressor 
is the largest protein in the evaluation and is dominated by α-helices33. 
AI2BMD and MM both deviated from 0 in the ΔG estimation (AI2BMD: 
0.79 kcal mol−1; MM: 1.09 kcal mol−1), but AI2BMD is closer. Their Tm 
estimations were nearly the same (AI2BMD: 349.55 ± 0.21 K; MM: 
349.48 ± 0.21 K) and were close to the experimental value (347 K)33.

For α- and β-proteins, BBA features a folded structure compris-
ing an α-helix and a β-hairpin34. Lacking a known melting tempera-
ture, simulations were conducted at 325 K. AI2BMD’s ΔG calculation 
(0.057 kcal mol−1) and Tm estimation (323.94 ± 0.22 K) were similar to 
MM’s results (1.22 kcal mol−1 and 322.34 ± 0.31 K). Protein G consists 

of an α-helix and a four-fold β-sheet group35. AI2BMD’s ΔG prediction 
(0.14 kcal mol−1) is closer to 0 than MM’s (0.74 kcal mol−1). In the absence 
of experimental Tm, AI2BMD’s estimated Tm (349.49 ± 0.12 K) demon-
strates a 3-K improvement over MM’s (346.49 ± 0.66 K) concerning 
the simulation temperature of 350 K for protein G.

We further estimated the changes of enthalpy and heat capacity 
during protein folding. The two-state proteins 110-residue barnase and 
84-residue CI2 were chosen for evaluation. Twenty simulations starting 
from the folded structures and unfolded structures were carried out. For 
each protein, simulations were conducted at three different tempera-
tures under an NPT ensemble. Potential energy values of conformations 
sampled during simulations were calculated by AI2BMD. As shown in 
Fig. 5 and Supplementary Table 3, AI2BMD outperformed MM in achiev-
ing closer calculations to experimental values in all evaluation metrics. 
For barnase, the changes in enthalpy and heat capacity calculated by 
AI2BMD are 116.5 ± 0.43 kcal mol−1 and 1.4 ± 0.04 kcal mol−1 K−1, and those 
calculated by MM are 110.4 ± 3.1 kcal mol−1 and 1.0 ± 0.1 kcal mol−1 K−1 
(ref. 36), respectively. Compared with the experimentally determined 
values of 118.7 ± 4.9 kcal mol−1 and 1.4 ± 0.1 kcal mol−1 K−1 (refs. 36,37), 
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the results achieved by AI2BMD were much closer than those of MM 
(Fig. 5a,c). Similar results were also observed on CI2 as shown in 
Fig. 5b,d. The changes in enthalpy and heat capacity calculated by 
AI2BMD are 73.0 ± 0.97 kcal mol−1 and 0.7 ± 0.02 kcal mol−1 K−1, which 
are close to the experimental measurements 78.4 ± 1.4 kcal mol−1 and 
0.8 ± 0.1 kcal mol−1 K−1 (refs. 36,38). As a comparison, MM’s enthalpy 
change is only 57.1 ± 1.9 kcal mol−1 and the heat capacity change is 
0.5 ± 0.1 kcal mol−1 K−1 (ref. 36). For the free-energy fluctuation against 
temperature, AI2BMD’s results are more aligned with the experimental 
results than MM’s results (Fig. 5f,g). These observations further consoli-
date that the ab initio energy calculation made by AI2BMD can provide 
a better description of properties in protein folding.

In addition, we also demonstrated AI2BMD’s utility in alchemical 
free-energy calculations through the case study of the negative base 
10 logarithm of the acid dissociation constant (pKa) estimation for 
thioredoxin Asp26 using thermodynamic integration39. Initially, 
AI2BMD was applied to reweight the potential energy values across 
simulation trajectories for both thioredoxin with AspH26 and Asp26 
and the dipeptide AspH–Asp. Subsequently, thermodynamic integra-
tion was utilized to compute the free-energy difference (ΔΔG) for the 
protonation state change from AspH26 to Asp26 in thioredoxin, as 
depicted in Extended Data Fig. 6. The estimated pKa value of 7.61 by 
AI2BMD closely corresponded with the experimental benchmark of 
7.5 and surpassed the accuracy of established methodologies, includ-
ing force-field-, empirical- and QM–MM-based approaches. Given the 
protein property evaluations on diverse proteins, AI2BMD exhibits 
accurate calculations on conformational ensembles, leads to reason-
able estimations of protein folding thermodynamics and advances its 
utility in biochemical research.

Discussion
Simulating biomolecular dynamics with ab initio accuracy is a 
long-standing challenge as it is difficult to achieve accuracy, efficiency 
and generalization ability at the same time5,40. We have developed a 
generalizable, efficient and close-to-ab initio simulation program for 
a wide range of proteins, AI2BMD, that offers considerable improve-
ments over MM in energy and force calculations and protein property 
estimations. The generalizability of AI2BMD across different protein 
systems and its robustness showcase its potential for broader applica-
tions in protein research.

Compared to QM–MM, which defines a focused region calculated 
by QM and the remaining part calculated by MM, AI2BMD expands ab 
initio calculation from a small preset QM region to the whole full-atom 
protein without any prior knowledge. Furthermore, AI2BMD elimi-
nates the potential incompatibility of QM and MM mechanics on the 
boundary for proteins and accelerates QM region calculation by several 
orders. In addition, for some complex biomolecular dynamics that 
QM–MM cannot deal with, such as the focused regions that require 
QM treatment and dynamically evolve during simulations, or large QM 
regions as in processes of some allosteric regulations or intrinsically 
disordered protein simulations, AI2BMD could offer opportunities 
with new perspectives for future studies.

The generalization ability of AI2BMD originates from the fundamen-
tal principle that most proteins are composed of common kinds of 
amino acid. This understanding allows AI2BMD to serve as a versa-
tile and adaptable algorithm that can be applied to a diverse range of 
proteins. By incorporating this knowledge into AI2BMD, it can serve 
for various conformations of a protein and accommodate proteins of 
different sizes and compositions, enabling researchers to explore and 
investigate the complex world of proteins with greater confidence and  
precision.

Furthermore, in the realm of protein dynamics, without harmonic 
constraints on bond lengths and angles, AI2BMD’s reasonable incorpo-
ration of flexibility into protein movements, grounded in calculations 

that approach ab initio accuracy for full-atom proteins, will create more 
opportunities to study protein dynamics.

In addition, although AI2BMD has a much faster computational speed 
than DFT methods, it still lags classical MD simulations in terms of 
efficiency. To bridge this gap, several strategies can be used in future. 
For example, implementing additional engineering optimization could 
lead to substantial improvements in the efficiency of AI2BMD. Further-
more, applying AI2BMD for a broader range of systems, including lipids, 
nucleotides, nanomaterials and solute–solvent interfaces, will broaden 
the scope of AI2BMD’s applicability to more complex biomolecular 
systems to unlock new insights into the intricate world of biomolecular 
systems41,42, paving the way for more accurate and efficient simulations 
in a variety of contexts, such as drug discovery, protein design and 
enzyme engineering.
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Methods

Protein fragmentation approach
Generally speaking, proteins are composed of 20 kinds of amino acid, 
each of which has a common main chain consisting of Cα, C, O, N and 
H, and a different side chain (termed the R group). A dipeptide is an 
amino acid capped with Ace and Nme groups at its N and C termini, 
respectively. As amino acids are the fundamental units of proteins, 
we designed the generalizable protein fragmentation approach on the 
basis of dipeptides and trained AI2BMD potential accordingly, which 
ensures the generalization ability to all proteins.

The concept of peptide fragmentation has been around for years, 
and previous studies have demonstrated its accuracy and efficiency 
to proteins10,43. As shown in Extended Data Fig. 7a, each dipeptide con-
sists of: all atoms of the main chain and the side chain of the amino 
acid; the Cα, H connected to Cα, C, O of the main chain of the previ-
ous amino acid; and the N, H connected to N, Cα and H connected to 
Cα of the main chain of the next amino acid. We cut the polypeptide 
chains with a sliding window, and thus the Ace-Nme fragments act as 
the overlapping regions between two successive dipeptides (Extended 
Data Fig. 7b). The extra hydrogens for the terminal Cα were added 
to dipeptides and Ace-Nme fragments, according to the C–H bond 
length and the direction of the bond connected to the Cα in the whole 
peptide chain. If the first or last amino acid was glycine, we added only 
one hydrogen connected to Cα according to the C–H bond length. If 
the latter amino acid is proline, we also added a hydrogen connected 
to N according to the N–H bond length where the N is connected to 
Cδ. Then, the limited-memory Broyden–Fletcher–Goldfarb–Shanno 
quasi-Newton algorithm44 was applied to optimize the positions of the 
added hydrogens while the other parts were constrained.

We first calculated the total energy and force for all protein units by 
summing up the energies of dipeptides, subtracting the energies of all 
overlapping Ace-Nme fragments (equation (1)).

∑ ∑E E E
_

= − (1)
i

n

i
i

n

i
prot units

=1

dipeptide

=1

−1
Ace-Nme

in which n is the number of amino acids or dipeptides.
The force for atoms in the same dipeptide and Ace-Nme is calculated 

following equation (2).
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in which i denotes the atom for force calculation, m represents all of the 
dipeptides the atom i belongs to, n represents all of the Ace-Nme frag-
ments the atom i belongs to, and j represents any other atom that coex-
ists with atom i in the same dipeptide or Ace-Nme.

We further complemented the extra interactions among non- 
overlapped protein units. Supplementary Fig. 18 shows the extra 
interactions among different protein units of tetrapeptide. Two parts 
of interactions were not calculated. Extended Data Fig. 8a illustrates 
the extra interactions between the group of CH1, C1, O1 and NH1 (out-
lined in purple) and the last part of the tetrapeptide (also outlined in  
purple). Furthermore, Extended Data Fig. 8b exhibits extra interactions 
between the beginning part of the tetrapeptide that includes CH30, C0, 
O0 and NH1 (outlined in brown) and another part beginning from the 
second side chain to the C terminus (also outlined in brown).

Considering that the interactions in such non-overlapped regions 
are dominated by electrostatic force and van der Waals interactions, 
we used the Coulomb equation and the Lennard-Jones potential to 
describe them. Then, we used the corresponding parameters derived 
from the Amber ff19SB force field21 and the distance between atoms to 
calculate the potential energy and atomic forces for the extra interac-
tions (equations (3) and (4)). The selection of ff19SB was informed by its 

superior performance in evaluating the relative energy when compared 
to another widely used force field, CHARMM36 (ref. 45), as illustrated 
in Supplementary Fig. 11.
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in which the energy and force with the superscript ‘units’ represent 
the values obtained from equation (1) to equation (2), and A denotes 
the atom set in the corresponding unit. To avoid double counting, the 
sum traverses all of the atoms with the index after the current atom.

Given the protein fragmentation approach, all proteins can be con-
verted into 21 kinds of protein unit (that is, 20 kinds of dipeptide and 
another Ace-Nme), which substantially reduced the number of spe-
cific types of protein unit, facilitated dataset construction and model 
training, contributed to exploring the whole conformational space, 
avoided holes in the potential energy surface, and thus improved the 
generalization, efficiency and robustness of the MD simulation.

Protein unit dataset
The training dataset for the AI2BMD potential was generated through 
the following protocols. First, the ‘Sequence’ command in the tleap 
module of AmberTools20 (ref. 46) was used to generate the topology 
and coordinate files for the initial 20 kinds of dipeptide and Ace-Nme. 
Then, ϕ (that is, the dihedral of C–N–Cα–C) and ψ (that is, the dihedral 
of N–Cα–C–N) were two-dimensionally scanned over ranges of −180° 
to 175° with an interval of 5°. For the proline dipeptide, the ϕ dihedral 
was refined from −180° to 120° owing to its ring conformation. The 
rotation of the dihedral was accomplished by the ‘rotatedihedral’ com-
mand in CPPTRAJ47. For each non-proline dipeptide, 5,184 anchors 
were generated. For Ace-Nme, scanning over ranges of −180° to 175° 
with an interval of 5° was applied on the axis of C of Ace and N of Nme 
resulting in 72 anchors.

Each anchor first encountered a geometry optimization (‘GO’) pro-
cess to obtain a reasonable structure. The solvation model density 
(SMD) solvent model was used during GO. The ϕ and ψ dihedrals were 
also constrained the same as for anchor generation. For each anchor, 
the last structure of the GO process was used as the input structure 
for AIMD simulations. SMD was used to sample conformations by tak-
ing the solvent effect in QM into consideration. For dipeptides, 225-fs 
simulations were applied for each anchor, and the last 200-fs structures 
were extracted. Simulations of 2,025 fs were carried out for Ace-Nme, 
and the last 2,000 fs was extracted for each trajectory. As an explicit 
solvent was used during MD simulation driven by our AI2BMD potential, 
after AIMD simulations, we recalculated the single-point energy and 
forces for all extracted conformations without SMD, which were used 
for MLFF training.

During GO, AIMD simulations and single-point energy calculation, 
DFT with the M06-2X density functional with the 6-31g* basis set were 
used48. This basis set and functional are generally suitable for biomo-
lecular sampling14,15,49,50. We set tight convergence conditions in the 
simulation processes, and convergence was mandatory for the next 
calculation step. Systems encountered a canonical sampling through 
velocity rescaling thermostat at 290 K (ref. 51). Such simulations 
were performed by ORCA 5.0.1 (ref. 52). The charge of each system 
was set according to the charge for the sum of all amino acids at pH 7. 
The GO, AIMD simulations and single-point energy calculation took 
about 12,928,993 central processing unit (CPU) core hours (1,476 CPU 
core years) for calculation. As a result, 1,036,800 conformations were 



sampled and calculated at the DFT level for each kind of dipeptide and 
144,000 conformations were sampled for Ace-Nme. The distributions 
of energy and the norm of force for each kind of protein unit are shown 
in Supplementary Tables 4 and 5 and Supplementary Figs. 12 and 13. The 
whole protein unit dataset consists of 20 million conformations that 
comprehensively captured the conformational space of the protein 
units and provided a solid guarantee for machine learning potential 
training and AI2BMD simulation.

ViSNet as AI2BMD potential
ViSNet is a versatile geometric deep learning model7,53 that can predict 
potential energy and atomic forces, as well as various quantum chemi-
cal properties, by taking atomic coordinates and atomic numbers as 
inputs. As shown in Supplementary Fig. 2a, the ViSNet model is com-
posed of an embedding block and multiple stacked ViSNet blocks, 
followed by an output block. The atomic number and coordinates are 
fed into the embedding block followed by ViSNet blocks to extract and 
encode geometric representations. The geometric representations are 
then used to predict molecular energy and force through the output 
block. Supplementary Fig. 2b demonstrates the ViSNet block, which 
consists of a message block and an update block. These blocks work 
together as parts of a vector scalar interactive message-passing mecha-
nism, referred to as ViS-MP. The rich geometric information passed 
via ViS-MP is extracted by the runtime geometric calculation module 
with linear complexity. The operations in Supplementary Fig. 2b can 
be summarized as follows:
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in which hi
l represents the scalar feature of node i in the lth layer, vi

l 
represents the vectorized node feature and fij

 represents the scalar 
edge feature between node i and node j. ϕm

s , ϕm
v  are nonlinear message 

functions to transform messages from neighbours and ϕun
s , ϕue

s , ϕun
v  are 

nonlinear update functions to update the corresponding feature 
according to the message and geometric features. More details about 
runtime geometric calculation and ViS-MP can be found in ref. 7.

For each kind of protein unit, ViSNet was trained as an energy- 
conserving potential model; that is, the predicted atomic forces were 
derived from the negative gradients of the potential energy with respect 
to the atomic coordinates. We randomly split each protein unit dataset 
into a training set, a validation set and a test set with the ratio of 8:1:1. 
Hyperparameters were tuned on the validation set of the alanine dipep-
tide and directly applied to other protein units. Concretely, all ViSNet 
models trained for protein units were relatively light with only 6 hidden 
layers and 128 embedding dimensions for node and edge representa-
tions. To better capture geometric information, we expanded the raw 
three-dimensional coordinates of molecules by adapting higher-order 
spherical harmonics54. The cutoff of the edge connection was set to 
5 Å for all protein units, and the maximum number of neighbours for 
each atom was 32. We leveraged a combined mean squared error loss 
for energy and force training with the weight of 0.05 and 0.95, respec-
tively. We adopted a learning rate of 2 × 10−4 with 1,000 warm-up steps55 

using the AdamW optimizer56. The learning rate decays if the valida-
tion loss stopped decreasing. The patience was set to 15 epochs, and 
the decay factor was set to 0.8. We also adopted an early-stopping 
strategy to prevent over-fitting57. The maximum number of epochs 
was set to 6,000, and the early-stopping patience was 150 epochs. All 
models were trained on a GPU cluster with 16 NVIDIA 32G-V100 GPUs 
per cluster node, and the batch size was 64 or 128 per GPU according 
to the size of the protein units. To make the model converge better, for 
the training set, we subtracted the sum of atomic reference energies 
from the total energy and then normalized them with Z-score normali-
zation. More details on the hyperparameters of ViSNet can be found 
in Supplementary Table 6.

AI2BMD simulation program
To carry out simulations with the AI2BMD potential, we designed an 
AI-driven MD simulation program based on the atomic simulation 
environment58. Extended Data Fig. 9 illustrates the overview block 
diagram of the program. On program start, the initial protein structure 
is fed into the preprocessing module, where the solvent and ions are 
added, and the structure is relaxed. The entire simulation system is 
then sent into the MD loop, the main logic component. For each itera-
tion in the MD loop, the protein is first decomposed into fragments by 
the protein fragmentation module and then partitioned by the work 
scheduler. The partitioning scheme is dictated by a tunable device 
strategy, and a user can choose to, depending on the size of the simula-
tion system, instruct the work scheduler to maximize the utilization 
of all the GPUs by oversubscribing, and to reduce the memory pres-
sure on a particular device by balancing the computation on different 
fragments across the GPU cards. The partitioned fragments and the 
solvent atoms are then asynchronously sent to different computation 
servers running in separate processes. This asynchronous client–server 
paradigm helps to alleviate a substantial limitation in the Python runt-
ime: that only a single thread can execute Python code at a time in the 
same process. After the workload is distributed from the main compo-
nent to the computation servers, it will be processed in parallel, and 
the main Python process can immediately resume processing other 
tasks such as persisting trajectory data, without being blocked by the  
servers.

Considering that cloud computing is a popular and cost-efficient way 
to support scientific computing workloads, we designed the simula-
tion process to be cloud-oriented. The software configuration is fully 
defined with a Docker image and remains invariant across different 
machines, which allows us to not only effortlessly deploy the software 
system to the cloud, but also fine-tune the program against a fixed set 
of supporting libraries. As cloud-based machines may be pre-empted, 
and the machine-local storage is volatile during a long-time simula-
tion, we implemented a job scheduling component that periodically 
persists the computation results to cloud-based storage and resumes 
the simulation.

System configuration in simulation
We prepared the biomolecular systems using the Amber20 package 
with the AMOEBA 13 force field16. The protein was first solvated in a 
cubic TIP3P59 water box and then was relaxed in energy minimization 
cycles. Then, NaCl atoms as counterions and another 0.15 mol l−1 buffer 
were added. We used classical Amber Coulombic potential-based meth-
ods to add ions. Initially, a grid of 1 Å bin size was generated, and all 
grids point Coulombic potentials were calculated. Then, the ions were 
placed on the grid where the contrast types of Coulombic potential 
were the highest. If an ion had a steric conflict with a solvent molecule, 
the ion was moved to the centre of that solvent molecule, and the latter 
was removed.

We adopted a hybrid calculation strategy for the simulation system; 
that is, the proteins were calculated by the AI2BMD potential with ab 
initio accuracy, whereas the AMOEBA 13 force field was used to deal 
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with the solvent. The total energy of the system (E total) is computed as 
the sum of the deep learning (DL) energy calculated by ViSNet (E prot

DL ) 
for the protein, and the energy from the MM calculation for the entire 
system (EMM

total). Then, to avoid double counting the energy contribution 
from the protein, the energy of protein atom interactions (EMM

prot) is 
subtracted from the total energy as shown in the following equation. 
Such calculations were based on the classical integrated molecular 
orbital + MM model implanted in the atomic simulation environment 
package60,61.

E E E E= + − (10)total
DL
prot

MM
total

MM
prot

Similarly, the force Fi
total for atom i is initially set as the forces from 

the interactions between atom i and all other atoms in the protein 
(Fi

prot), which is depicted in equation (4). To account for the solvent 
effect, an additional force was calculated between atom i and the other 
atoms in the system by the AMOEBA force field (the second item in 
equation (11)), and then the solute items were subtracted (the third 
item in equation (11)).
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in which B represents all atoms in the entire system, and C represents 
the atoms in the solute. Furthermore, to calculate EDL

prot and FDL
prot, we 

first split the protein into protein units, calculated the potential ener-
gies and atomic forces by ViSNet models and then combined all protein 
units by equation (3). More details about the protein fragmentation 
and ViSNet potential calculation can be found in the above sections.  
A simulation carried out under an NVE ensemble demonstrates the 
conserved total energy and the counterbalanced forces, thereby further 
substantiating the validity of subsequent sampling procedures (Sup-
plementary Figs. 14 and 15). Furthermore, we also carried out the 
simulation for the same arginine dipeptide under an NVT ensemble 
and calculated the heat capacity by the following equation:
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in which E⟨ ⟩2  denotes the ensemble average of the square value of the 
system energy and E⟨ ⟩ 2 denotes the square value of the ensemble aver-
age of the system energy. The heat capacity values made by MM and 
AI2BMD are 0.052 kcal mol−1 K−1 and 0.053 kcal mol−1 K−1, which are 
similar and comparable to those of previous experimental studies. The 
subsequent simulations in this study were run in the Berendsen NVT 
ensembles with initial velocities randomly drawn from a Maxwell–
Boltzmann distribution. The time step in this study was set to 1 fs. Dur-
ing the simulation, the trajectory would be written to a high-precision 
XYZ file.

Simulation details
In the evaluation of protein energy and force calculation, protein struc-
tures (Protein Data Bank (PDB) IDs: chignolin, 5AWL; Trp-cage, 2JOF; WW 
domain, 2F21; albumin-binding domain, 1PRB; PACSIN3, 6F55; SSO0941, 
5VFK; APC, 5IZA; polyphosphate kinase, 1XDO; aminopeptidase N, 
4XN9) were solvated in a generalized Born implicit solvent model. The 
alteration on the WW domain follows the GTT mutation in the previ-
ous study4, and the first five flexible residues in the albumin-binding 
domain were removed. The Amber program makeCHIR_RST was used to 
create chiral restraint files during replica-exchange molecular dynam-
ics (REMD) simulation to preserve chiral properties at high tempera-
tures. After 1,000 steps of minimization, equilibration runs of 200 ps 
were conducted at temperatures ranging from 300 K to 1,000 K with 
a stride of 100 K. The final equilibrated structures were used for REMD 

simulations at the corresponding temperatures. During the simula-
tion, each replica ran for 2 ps before exchanging with neighbouring 
temperatures and 5,000 exchanges occurred in each production run. 
REMD trajectories were divided into three states according to the Cα 
RMSD against the crystal structure. Specifically, for chignolin, the 
folding structures have an RMSD of 0–2.5 Å, the intermediate struc-
tures have an RMSD of 2.5–7.5 Å, and the unfolding structures have an 
RMSD of more than 7.5 Å. For other proteins, the ranges of the three 
states are 0–5 Å, 5–15 Å and >15 Å. Then, folding and unfolding states 
were further divided into 5 clusters, and the intermediate structures 
were divided into 10 clusters via the CPPTRAJ ‘cluster’ program. We 
picked the structures of each cluster centre, accumulating 20 initial 
structures in total. Finally, each initial structure was solvated in a 5-Å 
TIP3P water box and encountered 10 steps of 1-fs AI2BMD simulation. 
Simulations were carried out under an NVT ensemble. The simula-
tion temperature (300 K) was controlled by a Berendsen thermostat 
and τ was 10 fs. The reference energy and force of the corresponding 
structures were calculated at the M06-2X–6-31g* level. MM energy and 
force were calculated by the ff19SB force field.

For sampling on Ace-N-Nme, we constructed the system using the 
‘sequence’ command in tleap, and then applied a 10-ns REMD simu-
lation, identical to the one used for protein sampling. From this, we 
extracted 50 representative structures using the CPPTRAJ ‘cluster’ 
program. We then conducted 10-ps simulations for each initial struc-
ture using AI2BMD with AMOEBA polarizable embedding, resulting 
in a cumulative sampling time of 500 ps. We also implemented 10-ps 
simulations using QM–MM with AMOEBA polarizable embedding and 
MM with Amber ff19SB on these conformations. Each simulation incor-
porated a water box of 5 Å. We then examined each snapshot during 
the simulations to locate any water molecules that formed a hydrogen 
bond with the main chain or side chain (criteria: frequency >90%, donor 
atom distance <3.5 Å, O–H–O angle >150°). Subsequently, we delineated 
the distribution of donor atom distances. Following the formation of 
one hydrogen bond, we isolated the water and Ace-N-Nme molecules 
and incrementally pulled the water from 2.5 Å to 4.0 Å to form 150 
structures. Finally, we carried out single-point energy evaluation on 
the system of the water molecule and the dipeptide by QM at the M06-
2X–6-31g* level, AI2BMD with AMOEBA solvent and MM with ff19SB.

For AI2BMD simulation on dipeptides, we first generated the confor-
mations of the dipeptides through the ‘sequence’ command in tleap. 
Then, the dipeptides were solvated in a 5-Å TIP3P water box, and we ran 
two repetitive 500-ns classical MD simulations under the ff19SB force 
field for sufficient sampling. k-means clustering was then applied, 
and 50 representative structures were picked up. Starting from the 
representative structures, we carried out 10-ns AI2BMD simulation 
for the negatively charged protein unit Ace-E-Nme, the positively 
charged Ace-R-Nme, Ace-F-Nme with a benzene ring in the side chain 
and Ace-S-Nme with a smaller side chain solvated by a 10-Å water box 
under an NVT ensemble. Furthermore, for J coupling analysis, 2 inde-
pendent runs of 1-ns AI2BMD simulations were used, and 10,000 snap-
shots were saved. Then, ϕ values were estimated from each snapshot. 
The 3J(HN, Hα) coupling value was calculated through equation (13).

J ϕ ϕ= 7.09 cos ( − 60°) − 1.42cos( − 60°) + 1.55 (13)2

For AI2BMD simulation on chignolin, we first aligned the structures 
in a 106-μs comprehensively sampled trajectory to the initial struc-
ture. Then, time-lagged independent component analysis was used 
on raw atom coordinates for projecting the free-energy landscape to 
a six-dimensional super surface62. On the basis of minibatch k-means 
algorithm, we clustered all conformations and then picked up 60 folded 
and unfolded structures as the representative structures. Then for each 
structure, we ran 10-ns AI2BMD and 10-ns MM simulations.

In the Ramachandran plot, ϕ is the dihedral angle determined by 
Cn−1, Nn, Cαn and Cn, and ψ is the dihedral angle determined by Nn, Cαn, 

https://doi.org/10.2210/pdb5AWL/pdb
https://doi.org/10.2210/pdb2JOF/pdb
https://doi.org/10.2210/pdb2F21/pdb
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https://doi.org/10.2210/pdb5VFK/pdb
https://doi.org/10.2210/pdb5IZA/pdb
https://doi.org/10.2210/pdb1XDO/pdb
https://doi.org/10.2210/pdb4XM9/pdb


Cn and Nn+1. The subscript represents the index of a residue in a protein. 
The energy was estimated according to a Boltzmann distribution based 
on the density of points in each bin. This estimation was carried out 
using the potential of mean force. ϕ and ψ were set as two reaction 
coordinates (x, y). The potential of mean force values were calculated 
using equation (14).

G x y k T g x yΔ ( , ) = ln ( , ) (14)B

in which kB represents the Boltzmann constant, T is the temperature 
of systems (300 K) and g x y( , ) represents the normalized joint prob-
ability distribution. The free-energy value presented in the plot repre-
sents a relative energy value, computed by deducting the minimum 
free-energy value from the observed value. The Q score was calculated 
through equation (15) (ref. 24).

∑Q
N r X r

=
1 1

1 + exp[5( ( ) − 1.8 )] (15)
i j ij ij( , )

0

Native contacts were defined as any pairs of heavy atoms of two 
residues separated by at least three residues and the distance of which 
is smaller than 4.5 Å in the native conformation. Equation (14) sums N 
pairs of native contacts in the crystal structure; rij

0 is the distance 
between heavy atom i and atom j of native contacts in the crystal struc-
ture, r X( )ij  is the distance between atom i and atom j in the conforma-
tion X. The thresholds of Q values for folded and unfolded structures 
were set to >0.82 and <0.03, respectively24.

For free-energy estimation for fast-folding proteins, we first evenly 
sampled 100,000 points in the simulation trajectories of ref. 4. Folded 
and unfolded states were classified by the same thresholds of Q values 
in the previous study24. Structures in the folded state were clustered 
into 10 clusters. The RMSD values were calculated on the basis of Cα 
coordinates according to the ‘rmsd’ method in MDTraj. ΔG, the free 
energy for the folding process, was calculated according to the ratio 
between the folded and unfolded structures. Using the re-evaluated 
energy for each conformation, we determined the folding enthalpy and 
the heat capacity change for protein folding. The melting temperature 
was extrapolated from the calculated ΔG, folding enthalpy and the 
heat capacity change.

For the calculation of changes in enthalpy and heat capacity during 
protein folding and unfolding, 110-residue barnase (PDB: 1A2P) and 
84-residue CI2 (PDB: 2CI2) were selected for evaluation with enthalpy 
and heat capacity values measured by differential scanning calorimetry 
and spectroscopy37,38. For each protein, besides the folded structure 
derived from PDB, 20 unfolded structures were also generated for 
simulation. Following the previous study36, each conformation was 
explicitly solvated by a 10-Å water box. For barnase, 20 parallel simu-
lations starting from the folded structure and 20 simulations starting 
from the unfolded structures were performed by GROMACS 2018 with 
the CHARMM36 force field at pH 4.1 and at temperatures of 295 K, 315 K 
and 335 K. The same settings were applied for CI2, except the simula-
tions were carried out at pH 6.3 and temperatures of 335 K, 350 K and 
365 K. Each system configuration above was conducted 2-ns simulation 
under an NPT ensemble. Potential energy values of conformations 
sampled from simulations were calculated by AI2BMD. The enthalpy 
change following thermal unfolding (ΔH) was calculated as the differ-
ence between the averaged enthalpy of the unfolded ensemble and 
that of the folded ensemble. We then conducted linear regression to 
determine the change in heat capacity (ΔCp) from the slope, as well 
as the enthalpy change at the melting temperature. Additionally, we 
also estimated the folding free energy using the Gibbs−Helmholtz  
equation.

In the pKa determination using thermodynamics integration, we 
initially reweighted for all data points in the simulation trajectories pro-
vided by The Amber Project (https://ambermd.org/tutorials/advanced/

tutorial6/index.php). Subsequently, we focused on the trajectories’ 
converged sections, selecting 2,500 data points per window for the 
dipeptide and 500 data points per window for thioredoxin to calculate 
the mean energy values. ΔG was computed using the integral:

∫ ∑G
U
λ

λ w
U
λ

Δ =
∂
∂

d =
∂
∂ (16)

λ
λ

in which wλ represents the window width, U denotes the internal energy, 
and λ specifies the sampling window. This approach encapsulates the 
free-energy variation across different protonation states, facilitating 
the accurate computation of the pKa value.

Reporting summary
Further information on research design is available in the Nature Port-
folio Reporting Summary linked to this article.

Data availability
The protein unit dataset built for this study is available via GitHub at 
https://github.com/microsoft/AI2BMD. The proteins for energy and 
force evaluations in this work are available from PDB (https://www.
rcsb.org) with the following accession numbers: chignolin: 5AWL; 
Trp-cage: 2JOF; WW domain: 2F21; albumin-binding domain: 1PRB; PAC-
SIN3: 6F55; SSO0941: 5VFK; APC: 5IZA; polyphosphate kinase: 1XDO;  
aminopeptidase N: 4XN9; barnase: 1A2P; and CI2, 2CI2. The proteins for 
melting temperature estimation are available at PDB with the follow-
ing accession numbers: α3D: 2A3D; BBA: 1FME; NTL9: 2HBA; protein 
G: 1MIO; WW domain: 2F21; λ-repressor: 1LMB; and homeodomain: 
2P6J. The simulation trajectories for pKa analysis are available via The 
Amber Project at https://ambermd.org/tutorials/advanced/tutorial6/
index.php. Source data are provided with this paper.

Code availability
The source code and the model checkpoints for the AI2BMD simulation 
program are available via GitHub at https://github.com/microsoft/
AI2BMD.
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Extended Data Fig. 1 | The architecture of ViSNet. (a) The sketch of ViSNet. 
The 3D structures of dipeptides are embedded and extracted by an embedding 
block and multiple stacked ViSNet blocks. The energies are predicted through 
an output block, and the forces are derived from the negative gradients of the 
potential energy with respect to the atomic coordinates. (b) The key operations 
in ViSNet block. A ViSNet block consists of a message block and an update 
block. Concretely, in the message block, the scalar messages mij and vector 
messages mij

⎯→  are first obtained through message functions ϕm
s  and ϕm

v  from 

node scalar feature hi, edge scalar feature fij, relative position ⎯→rij, and node 
vector feature ⎯→vi. Then, they are aggregated to the target node i. In the update 
block, hi is updated by the aggregated scalar message mi and the output of 
runtime geometry calculation (RGC)-Angle from through an update function 
ϕun

s . Then, fij is updated by the output of RGC-Dihedral and through an update 
function ϕue

s . Finally, ⎯→vi is updated by both scalar and vector messages through 
an update function ϕun

v .
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Extended Data Fig. 2 | Examination of hydrogen bonding between water 
and the asparagine dipeptide (Ace-N-Nme) dipeptide. a, Illustration of a 
hydrogen bond formed between water and the main chain oxygen. b, Distance 
distribution of oxygen in the water molecule and the hydrogen bond acceptor 
on the dipeptide main chain, as determined from a 500 ps sampling using  
QM/MM, AI2BMD, and MM methods. Such simulations started from 50 initial 
structures of Ace-N-Nme from a well-sampled conformation ensemble by 
Replica Exchange Molecular Dynamics (REMD). We then run 10 ps simulations 
for each initial structure using AI2BMD with AMOEBA polarizable embedding. 
This resulted in a total sampling time of 500 ps. Meanwhile, QM/MM with 

Amoeba polarizable embedding and molecular mechanics with Amber FF19SB 
were also performed on such conformations, respectively. Each simulation 
includes a water box of 5 Å. (c) Energy fluctuations derived from a scanning  
of the main chain hydrogen bond distance, calculated using QM, AI2BMD, and 
MM. (d) Illustration of a hydrogen bond formed between water and ASN side 
chain oxygen. (e) Distribution of oxygen in the water molecule and the hydrogen 
bond acceptor on the side chain, as determined from a 500 ps sampling using 
QM/MM, AI2BMD and MM, respectively. (f) Energy fluctuations derived from a 
scanning of the side chain hydrogen bond distance, calculated by QM, AI2BMD, 
and MM, respectively.



Extended Data Fig. 3 | Analysis of Chignolin simulation process. a, the 
representative structures during a simulated Chignolin process performed by 
AI2BMD. b. the free energy landscape of Chignolin. The end-to-end distance of 
the protein, i.e., the distance between the N terminal and the C terminal and the 
radius of gyration (“Rg”) were chosen as collect variables. The indices of the 

representative structures shown in a are labeled in the free energy landscape. 
The Chignolin structure starts from a high energy metastable state and transits 
to the low energy states. Finally, it sampled to the lowest energy metastable 
state of the folded structures.
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Extended Data Fig. 4 | Structural analysis of the phi and psi angles of  
G7 in Chignolin. a-b, the Ramachandran plot of conformations sampled by 
AI2BMD (a) and MM (b) in an ensemble of 60 trajectories of 10 ns simulations. 

c-d, representative structures of the phi and psi angles of G7 in Chignolin. The 
backbone atoms of G7 (N, Cα and C) are shown in transparency. The C of T6 and 
the N of T8 that form torsion angles are colored cyan for visualization.



Extended Data Fig. 5 | Analysis of free energy calculation and melting 
temperature estimation for fast folding proteins. a, the representative 
folded (top line) and unfolded structures (bottom line) for proteins. b, potential 
energy surface of NTL9 made by AI2BMD (left) and MM (right), respectively.  
c, the absolute free energy differences between the folded and unfolded 

structures for proteins. d, the difference between the simulation temperature 
and the melting temperature (Tm) calculated from simulations. The error bars 
in (d) with the averaged value as a measure of center indicate the standard 
deviations of Tm from 5 independently repeated experiments (n = 5) for both 
AI2BMD and MM.
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Extended Data Fig. 6 | Comparison of pKa calculation for Asp26 of 
thioredoxin among AI2BMD and other approaches. a, The pKa calculation 
process of thioredoxin Asp26 using thermodynamics integration. The free 
energy difference (ΔΔG) was calculated as the difference between the free 
energy change (ΔGprot) during the protonation state transition from thioredoxin 
AspH26 to Asp26, and the ΔGmodel from the same transition in a dipeptide model. 

The pKa value is then estimated using the Linear Free Energy Relationship 
(LFER) approach. B, Comparison of pKa values among different computational 
methods. The pKa values obtained from various computational methods were 
plotted against their publication years on the x-axis, with pKa values on the 
y-axis. The experimental pKa value of 7.5 is marked as a dotted line for reference.



Extended Data Fig. 7 | The sketch of protein fragmentation approach.  
a. The overall pipeline of the protein fragmentation approach. b. The generated 
dipeptides and ACE-NMEs by fragmentation on a tetrapeptide. Four successive 
dipeptides and three ACE-NMEs (i.e., the overlapped regions between two 

successive dipeptides) are generated. All heavy atoms are labeled with the 
indices of the corresponding residues for visualization and analysis. Cα atoms 
are shown as CA for clarity.
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Extended Data Fig. 8 | Illustration of extra interactions among non- 
overlapped protein units. a. The extra interactions between the group of CH1, 
C1, O1, NH1 (shown in a purple box) and the last part of the tetrapeptide (shown  
in another purple box). b. The extra interactions between the beginning part  
of the tetrapeptide including CH30, C0, O0, NH1 (shown in a brown box) and 
another part beginning from the second side chain to C-terminus (shown in 
another brown box).



Extended Data Fig. 9 | The overview block diagram of AI2BMD simulation 
program. Rounded rectangles denote various types of data, e.g., the initial 
protein structure in the upper left, the energy and forces of the entire system  
in the upper right. Rectangles represent computation modules such as the 

preprocessing module and the molecular dynamics main loop. Solid arrows 
indicate the data flow within the main Python process, while the dashed ones 
indicate the communication between the main Python process and various 
computation servers running in separate processes.
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Extended Data Table 1 | Comparison on running time per simulation step for proteins solvated with a 10 Å water box

Evaluations were performed on a desktop with an A6000 GPU and 32 CPU cores. Allegro was trained with a 4 Å radius graph threshold. The dashed lines represent failures due to 
“out-of-memory” errors.
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