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Biomolecular simulations require

size, time, and detail

= Large system
" Long simulation time

= Highly detailed
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Biomolecular simulations require
size, time, and detail

MuMMI

= Large system Mulitscale

= Long simulation time Machine-learned

* Highly detailed Modeling

Infrastructure
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The RAS protein is a critical, ‘undruggable’ cancer target
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MuMMI is built on machine learning, automated workflow,
and on-the-fly analysis and feedback

Micro scale simulations
 DDFT coupled with MD  Martini CG simulation
* 1pm? e 30 x 30 nm?
 300RAS e >1 us each

e 100’s us * Thousands of unique simulations
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Grand challenge problems demand a complex workflow
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Macro to micro scale coupling

8 lipid type plasma Macro scale Micro scale
membrane model DDFT+HyCoP Coarse-Grain Martini Model

outer inner
POPC 0.242 0.140
PAPC 0.121 0.075
POPE 0.020 0.054
DIPE 0.061 0.161
DPSM 0.242 0.108
PAPS 0.000 0.161
PAP6 0.000 0.022
CHOL 0.313 0.280
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>60 lipid types
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8 lipid types

inner T )

100 x 100 nm, 10 KRAS; 60 ps 1 us into production simulation

Ingdlfsson et al. 2014. Lipid Organization of the Plasma 8/6 lipids in ner/outer leaflet
Membrane. JACS 136:14554; Ingolfsson et al. 2020. Capturing

Biologically Complex Tissue-Specific Membranes at Different

Levels of Compositional Complexity.” J Phys Chem B 124:7819.
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ML sampling provides a wider coverage of the phase space of
RAS neighborhoods

Auto
encoder
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Macro model update via live feedback

All

Random

ML

ML+weighted

Bhatia et al. 2021. Machine-learning-based dynamic-importance sampling

LLNL-PRES-820866 for adaptive multiscale simulations. Nat. Mach. Intell. 3:401-409




Automated workflow is the fundamental foundation of MuMMI

= Controls and runs the macro model
= Monitors the ML list of patches
= Sets up, launches, and runs ~10° micro jobs

= (Carries, stores, and amalgamates analysis
= Updates macro model

_____________________________________________________
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DDFT — ﬁ CG setup
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Main code used | ;0 qe Python ddcMD GROMACS
in modules:

LLNL-PRES-820866 Di Natale et al. 1019. A massively parallel infrastructure for adaptive multiscale simulations:
modeling RAS initiation pathway for cancer. Proceedings SC19, doi: 10.1145/3295500.3356197



Automated workflow enables us to optimally utilize
the hybrid CPU/GPU architecture

Sierra, the world’s 31 fastest supercomputer

IBM Power9 IBM Power9
Q O Q Q O Q
Macro O 85 & O 8 & 40-
O O o O O o L MACRO CG Setup
CG Set. 0O O O O O O a 20
O O O O O g .
CGAn. n E & x ® = © CG Analysis
- - - - ok . , . , .
CG Sim. ~ C) M O . @ 4
Nvidia Nvidia Nvidia Nvidia a CG SimU|ation
o 0 v | . 1 v | v !
V100 V100 V100 V100 0 500 1000 1 500 2000

Nodes

* Fully use of all GPUs/GPUs on each node
* Typical run using half of Sierra, 2040 nodes
 Scaled to full Sierra, 4000 nodes

LLNL-PRES-820866 Di Natale et al. 1019. A massively parallel infrastructure for adaptive multiscale simulations:
modeling RAS initiation pathway for cancer. Proceedings SC19, doi: 10.1145/3295500.3356197



A simulation campaign of unprecedented size and scope
run on Sierra, the world’s 3" fastest supercomputer

Macro simulation: Micro simulations:
*1 pum? * 30 x 30 nm?
* 300 KRAS * 119,686 unique simulations
* 150 ps * 1+ ps each

* 2M patches 206 ms aggregated

>300M analyzed frames

LLNL-PRES-820866 Ingolfsson et al. Machine Learning-driven Multiscale Modeling Reveals Lipid-Dependent
Dynamics of RAS Signaling Proteins. Out on archive, doi 10.21203/rs.3.rs-50842/v1



A simulation campaign of unprecedented size and scope
run on Sierra, the world’s 3" fastest supercomputer

Macro simulation:
e 1 um?
* 300 KRAS
* 150 us
* 2M patches
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Micro simulations:

30 x 30 nm?

119,686 unique simulations
1+ ps each

206 ms aggregated

>300M analyzed frames
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Detailed analysis revealed 3rd Markov state

Pre-Campaign Post-Campaign
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RAS assemblies have a preferential local membrane
environment

All patches 0 RAS 1 RAS 2 RAS 3+ RAS
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RAS lipid fingerprints
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RAS lipid fingerprints
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Trained convolutional
neural network models
on one RAS lipid density
data
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Three scale MuMMI, adding AA and another protein (RAF)
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MuMMI improvements

* Support for RAF

* Online analysis of AA

. ST T T T T T T T ‘\ ST T T T T T T T \\ ST T T T T T T \\
e Third AA scale ‘ Macro Level | /\ ‘ CG Scale | A ‘ AA Scale |
I [ = IJV) [ = ::) I

 Backmapp CG to AA .
PP : : ML : CG Analysis J : ML : AA Analysis :

o) macro G

* Run AA : DDFT < : to CG : CG Runs J : to AA : AA Runs J :
I ¢ = & I
I I

* AAto CG feedback b _d
* (G to AA selection o -[[-

* New macro model code
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| Status Monitor
 Updated ML macro to CG | [

\ [ Command Daemon
* Updated macro to CG setup e

| GridsimaD | [ ddemp | [ Python | [ GROMACS | | AmBER |

LLNL-PRES-820866 Bhatia et al. 2021. Generalizable Coordination of Large Multiscale

Workflows: Challenges and Learnings at Scale. Accepted SC21.



MuMMI operating on three length/time scales

GPUs CPU Cores

LLNL-PRES-820866

LN
N

N
o

H O

o

Sierra — RAS campaign

22 cores § 22 cores

] DDFT CG Setup
CG Analysis
CG Simulation
02 500 1000 1500 2000
. Nodes

Length of Simulation (us)

CPU Cores

GPUs

44 -

nt

Simulation Cou

Summit — RAS-RAF campaign

15000

=
N
v
o
o

=
o
o
o
o

7500

5000

2500

CG (total = 34523)

CPU

CPU

22 cores £

GPU

22 cores

CG to AA

AA
Analysis

CG Analysis

250 500

Nodes

750 1000

AA (total = 9632)

1750

1500

1250
1000
750
500
250

Simulation Length (us)

T T 0
2 3 4 5 0 10 20 30 40 50 60 70
Simulation Length (ns)



ddcMD-Martini

= ddcMD is an MD simulation code developed at
Lawrence Livermore National Laboratory

= Added support for Martini
= Ported entire integration step to GPU

= |s open source, but is a MD engine only and has rough edges
outside its current use cases

GPU kernel profile

dcMD | S 1 I sl el 1 1

GROMACS |§| |
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Scaling for a water box
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Zhang et al. 2020. ddcMD: A fully GPU-accelerated molecular dynamics

program for the Martini force field. J. Chem. Phys. 153:045103



A Multiscale Machine-learned Modeling Infrastructure (MuMMI)

* Alarge team effort - acknowledgements to the full JDACS4C Pilot 2 team and IBM

* The different components have or are being open sourced:

- ddcMD-Martini - github.com/LLNL/ddcMD
- ddcMDconverter - github.com/LLN
- Dynim - github.com/LLNL/dyn
- Maestro - gith
- Flux-g
- MuMMII-core 2
- MuMMI-RAS and the
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