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—  Rare events  = phenomena that takes extremely long time due to potential energy barriers 
               ex)  allosteric events, nucleation, crystallization, fracture, … 

—   Due to the approach of Moore’s law, direct MD simulations  
       for  >1010 steps (⇄ µs)  will remain difficult for coming years.  

—   Biased simulation / enhanced sampling can enforce the system 
       to overcome this energy barrier by additional constraints. However,  
      　— we need to know advance a small number of good collective variables (CVs) that  
              properly describing the energy landscape (energy surface). 

      　— It can only describe dynamical paths between a small number of energy minima. 

—  For many types of complex & time-dependent  molecular dynamics,  
      different approaches may be needed. 

Towards “long-time” molecular dynamics
( > milliseconds )
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!soft-core" diameters of the two components. The constant
C!" ensures v!"!r"→0 as r→rcut, so the potential is con-
tinuous at the cutoff distance. We set rcut=3.2#1 for any !
and " #18$. The particle numbers of the two species are N1
=N2=500, so N=N1+N2=103. With varying the size ratio
#2 /#1, the system volume V was changed such that the vol-
ume fraction of the soft-core regions defined by

$ = !N1#1
2 + N2#2

2"/V !2"

was fixed at 0.9 mostly. We set $=1 only in one case !in the
lower panel of Fig. 8". With the mass ratio being m1 /m2
= !#1 /#2"2, we integrated the Newton equations using the
leapfrog algorithm under the periodic boundary condition.
The system temperature was controlled with the Nose-
Hoover thermostat #19–21$. The time step of integration was
0.002%, where

% = #1
%m1/& . !3"

Hereafter the time t and the temperature T will be measured
in units of % and & /kB, respectively.

We first equilibrated the system in a liquid state at T=2 in
a time interval of 103 and then quenched it to a lower final
temperature with further equilibration in a period of teq
=1.1'104 #22,23$. There was no appreciable time evolution
in the pressure, the energy, etc., in the time region t(4
'103 !see Fig. 8 as an example" #24$. The particles were
well mixed and no indication of phase separation was ob-
served in the final time region.

In our study, the size ratio was in the range 1)#1 /#2
)1.4. We saw no tendency of phase separation. If #1 /#2 is
too large, phase separation will be detected #25,26$. We show
typical particle configurations in Fig. 1 at the final simulation
time t=1.2'104 for !a" #2 /#1=1.1, !b" 1.2, !c" 1.225, and
!d" 1.4 at $=0.9. The system length V1/2 is !a" 35.03, !b"
36.81, !c" 37.27, and !d" 40.55 in units of #1. They represent
!a" a crystal state with point defects, !b" and !c" polycrystal
states, and !d" a glass state.

B. Sixfold orientation order

In Fig. 1, a large fraction of the particles are enclosed by
six particles even at #1 /#2=1.4. The particle configurations
are remote from other ordered structures such as the square
structure #3$. Therefore we consider deviations from the hex-
agonal order. The local crystalline order is represented by a
sixfold orientation order variable #11$. For each particle j we
define

* j = &
k!bonded

exp#6i+ jk$ , !4"

where the summation is over the particles “bonded” to the
particle j. In our case, the two particles j!! and k!" are
bonded, if their distance rjk= 'r j −rk' is shorter than R!"
=1.25#!" #8$. The upper cutoff R!" is slightly longer than
the first peak position of the pair-correlation function g!"!r".
The + jk is the angle of the relative vector r j −rk with respect
to the x axis. For a perfect triangular crystal of a one com-
ponent system, the complex numbers * j are all equal to

6 exp!6i!" with ! being the common angle of one of the
crystal axes with respect to the x axis. In the presence of
disorder, the absolute values '* j' are significantly different
from 6 for particles around defects. It is convenient to define
a local crystalline angle ! j in the range 0)! j ,- /3 by

. j = * j/'* j' = e6i!j . !5"

In Fig. 2, we show the snapshots of the angles ! j !j
=1, . . . ,103" for the same particle configurations in Fig. 1.
The color map is illustrated in Fig. 3. We can clearly see
point defects, grain boundaries, and glassy particle configu-
rations. In !b" the grain boundaries are localized, while in !c"
they are percolated. In !d" we can see narrow crystalline
regions with hexagonal order. Such regions become less ex-
tended but still survive in liquid at higher temperatures. Re-
cently, using a 2D model of block copolymers, Vega et al.
#27$ numerically studied the grain boundary coarsening to
obtain pictures of the orientation angles similar to our Fig. 2,
though their system corresponds to one component particle
systems.

C. Disorder variable

We next introduce a different variable representing the
degree of disorder. In terms of the difference .k−. j be-
tween the bonded particle pairs, we define

Dj = &
k!bonded

'. j − .k'2 = 2 &
k!bonded

#1 − cos 6!! j − !k"$ ,

!6"

for each particle j. This quantity is called the disorder vari-
able. If the thermal vibrations are neglected, Dj vanishes in

FIG. 1. Particle configurations for !a" #1 /#2=1.1, !b" 1.2, !c"
1.225, and !d" 1.4 at $=0.9 and T=0.2 taken at the final simulation
time t=1.2'104. Smaller !larger" circles represent the smaller
!larger" particles. For the visualization purpose the diameters of the
circles in the snapshots are taken as A#1 and A#2 with A,1 for the
two species.
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(2D schematic)
- Formed by rapidly cooling a liquid 

- keep random structure  liquid 

- particle motion is frozen   solid  

           ⬇    

glasses  
   =  liquids with diverging timescale
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with the composition 80(1):20(2)

3D Kob-Andersen LJ model 
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✓MD simulation is a strong tool 

‣ slow dynamics = intermittent jumps

‣ for most of time, particles are just vibrating


(we may want to skip by AI) 
‣ nevertheless the dynamics is heterogeneous

There are little in structures, 
the DYNAMICS mainly matter

MSD = (particle traveling distance)2
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Glasses  



GNN architechture
N = 4096

node = particle

edge = nearby pairs <latexit sha1_base64="03HbbjBPgV4EW4LPV1ET2876+9c="></latexit>

(Ri j < 2.0�AA)

  ENCODER  DECODER (DeepMind,2020)  DECODER (Our work)

nodes  
#=4096   particle type  (1 or 2)   propensity   


edges  
#~170000   relative position ( Rij )   neighbor distance change  

message 
passing (x7) 

MLPs

on each node/edge

Rij

‣ propensity  
  = self motion of one particle 


‣ neighbor distance change   
  = larger # of data      
     structural changeover                                                

ENC G DEC

MLPs

⟨ |ri(t + Δt) − ri(t) |⟩

⟨Rij(t + Δt) − Rij(t)⟩

some physics may be informed 
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Dataset

   —  prepare 400 indep. particle configurations (N = 4,096) by annealing 

   —  run 30 indep. velocities from each (isoconfigurational ensemble)  

                    →  12,000 simulations  
             #  in glasses, propensity tends to be determined by the velocities 

                  and not depend strongly on the velocities. 

   —  data augmentation by 24 cubic rotation at random     

   —  compute and store the particle motion after long-time MD.

We use the dataset distributed by DeepMind group. 
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Learning

 1 CPU core 3240 s / epoch

1 GPU 168 s / epoch

1 GPU @jax.jit

(XLA compilation) 8.5 s / epoch

Time per epoch   (learning for 400 configs.) 
   measured on Wisteria-A,  data I/O not included   @jax.jit 

  def loss_fn(params, graph, targets, mask): 
    decoded_nodes = network_apply(params, graph) * mask 
    return (jnp.sum((decoded_nodes - targets)**2 * mask) / jnp.sum(mask)) 

  @jax.jit 
  def update(params, opt_state, graph, targets, mask): 
    loss, grads = jax.value_and_grad(loss_fn)(params, graph, targets, mask) 
    updates, opt_state = opt_update(grads, opt_state) 
    return optax.apply_updates(params, updates), opt_state, loss 

  train_stats = [] 
  logging.info('Start training') 
  for epoch in range(n_epochs): 
    logging.info('Start epoch %r', epoch) 
    random.shuffle(training_data) 
    for graph, targets, mask in training_data: 
      params, opt_state, loss = update(params, opt_state, graph, targets, mask)  
      train_stats.append(loss) 

Source code 

 https://github.com/deepmind/deepmind-research 

                       JAX = [Automatic differentiation] 

                                          + [XLA compiling of NumPy for GPUs]  

                         additional packages required for ML


                                 GNN = jraph + dm-haiku,  optimizer = optax 

wrapping/decoration by @jax.jit

　　　   →   speed up by just-in-time XLA compiling

# 1 GPU = NVIDIA A100 
                 SVMe 40GB 

# data parallel not yet test  
    for technical reasons 

@Google Research

 0
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training loss
test loss
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ground truth errors

node  learning 
     = particle  
        propensity 

edge learning 
    =  change in  
        pair distance

GNN predictions

T = 0.44, prediction over 3.3 × 107 MD steps ( ≃ 3τα)
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in 2D cross sections

(reproduction)

(this study)

# =4096

# ~ 170000



ML predictions ground truth errors

node  propensity 
Pearson correlation 

T = 0.44, prediction over 4.5 × 105 MD steps ( ≃ 0.1τα)

ρ = 0.597

edge propensity
Pearson correlation 

ρ = 0.789
“Hot spots"

in 2D cross sections



Summary

✓ Power of GNNs for predicting the slow dynamics from one MD snap.  
 —  based on a recent work of DeepMind group (2020) 
 —  the long-time dynamics is surprisingly well predicted  
       by learning changes in pair distances. 

✓We are stepping toward the  “AI glass simulator”. 


