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Disorder eludes experimental characterization

Androgen Receptor N-terminal domain Small-molecule inhibitors increase helical propensity

Invitation for physics-based models...

Zhu, et al. Nature Commmunications 13, no. 1: 6390 (2022) ) Stanford University N



Metastability, rare events, long timescales

* Dynamical transitions are rare * HIV Capsid Assembly, mean
on simulation timescales first passage time ~10 mins
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Andy Mitchell, GMR Iz preparation
Rotskoft, G. M. et al. in Proceedings of the 2nd Mathematical and Scientific Machine Learning Conference 757780 (PMLR, 2022).
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Can we replace molecular dynamics with generative Al?

Given data, can we obtain an Well-defined sampling problem Goal: Accelerate convergence
accurate representation of a
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Watson, J. L. e al. Nature 620, 1089-1100 (2023). Ingraham, J. B. ¢ al. Nature 1-9 (2023) Abramson, J. ez al. Nature 1-8 (2024)
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“Expressive” generative models recover training set

A pessimistic statistical perspective

S

R(f,f) 2 n~ =+

n --- number of data points
s --- smoothness of the target
d --- dimensionality

17

. No free lunch and no surprises: we need lots of data
Data duplication or strongly

similar images amplifies the

problem—bad for MD!

Somepalli, G. ¢t al. in Advances in nenral information processing systems (2023).
Ciarella, S. et al. Mach. 1earn.: Sci. Technol. 4, 010501 (2023).
Tsybakov, A. B. Introduction to Nonparametric Estimation.
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Need: dimensionality reduction and transferability

A pessimistic statistical perspective

S

R(f,f) 2 n~ =+

n --- number of data points
s --- smoothness of the target

d --- dimensionality

No free lunch and no surprises: we need lots of data

Transferable generative models are key to successful
deployment at scale

© Chiara Cammarota (KCL)

Ciarella, S. et al. Mach. Learn.: Sci. Technol. 4, 010501 (2023).

Tsybakov, A. B. Introduction to Nonparametric Estimation.
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The data-physics trade-ott remains foundational

Analysis of molecular data requires large datasets

Often expensive to collect, important rare events needed

Nonequilibrium Dynamics Reactive Biomolecular Processes Conformational Sampling

and Control
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Rotskoff, G. M. ¢/ al. in MSMI.757-780 (PMLR, 2022). Chennakesavalu, S. & Rotskoff, G. M. J. Phys. Chem. B (2024)
Klinget, J. & Rotskoff, G. M. http:/ /arxiv.org/abs/2402.17931 (2024). Yan, J. & Rotskoff, G. M. J. Chem. Phys. 157, 074101 (2022). Chennakesavalu, S. ¢ al. |. Chem. Phys. 158, 124126 (2023).
Chennakesavalu, 8. ¢ al. PNAS 121, €2310238121 (2024). Yan, J. et al. Phys. Rev. E 105, 024115 (2022). Gabtié, M. et al. Proc. Natl. Acad. Sci. U.S.A. 119, ¢2109420119 (2022).
Chennakesavalu, 8. & Rotskoff, G. M. Phys. Rev. Lett. 130, 107101 (2023). Rotskoff, G. & Vanden-Eijnden, E. CPAM 75, 18891935 (2022). Gabtié, M. et al. in ICML Workshop Flows and Invertible Models (2021).
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http://arxiv.org/abs/2402.17931

Challenges with “Boltzmann™ generators

Generative Model Type

SR N
EAP

Wu et al. NeurlPS 2020; Vol. 33, pp 5933-5944.

Conditional Normalizing Flow

2
AR

Chennakesavalu S. et al. J. Chem. Phys. 158, 124126 (2023).

Denoising Diffusion Model
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Wang, et al. Proc Natl Acad Sci USA 2022, 119 (32), e2203656119.

Rotskoft, G. M. Current Opinion in Solid State and Materials Science 30, 101158 (2024).

Energy-based training :
No data needed!
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Gabrié, M. Rotskoff, G.M., Vanden-Eijnden, E. Proc. Natl. Acad. Sci. U.S.A. 119, 2109420119 (2022).

Animations by Marylou Gabrié

Data-based training :
agnostic to physical model

Dict(geallpn) = [ 1og i;;((j)) ea (@) d

= _]EQeq(w) (log '60) + C

10.0 7 -
75 4

50 -
25

| 004
25

-5.0 1

=7.5 b

-10.0 T T T T T T T 1-
-100 -75 -50 -25 00 25 50 75 100
x 0

) Stanford University 10



Goal: building generative models
with less data and more physics



Coarse-grained models as “physical” latent space

T; ~ Pinv(T|2:)

: i
) CVy
1. Fine-Grained 2. Coarse-Grained 3. Generated Fine-Grained
Configuration Dynamics Configurations

Chennakesavalu, S., Toomer, D. J. & Rotskoff, G. M. |. Chem. Phys. 158, 124126 (2023).
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Coarse-grained models as “physical” latent space

Learned Learned Learned

zo = M(xp) 2 ~ e BU(2.,0) T; ~ Piny(T|2;)

&

1. Fine-Grained 2. Coarse-Grained 3. Generated Fine-Grained
Configuration Dynamics Configurations

Chennakesavalu, S., Toomer, D. ]. & Rotskoff, G. M. J. Chem. Phys. 158, 124126 (2023).
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Coarse-grained models as “physical” latent space

Graph autoencoder Force-matching GNN Conditional Normaliging Flow

&

1. Fine-Grained 2. Coarse-Grained 3. Generated Fine-Grained
Configuration Dynamics Configurations

Specific models not important for framework. .. pick your poison

Chennakesavalu, S., Toomer, D. ]. & Rotskoff, G. M. J. Chem. Phys. 158, 124126 (2023).

Stanford University 14



Rigorously sampling at atomic resolution

THo(x) = o(T™H(x))|VT~* (x)|

p(x) = /Qp(a;|z)pcg(z)dz acc(r — 2’) = min [1,

Chennakesavalu, S., Toomer, D. ]. & Rotskoff, G. M. J. Chem. Phys. 158, 124126 (2023).




Quantitative
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Chennakesavalu, S., Toomer, D. ]. & Rotskoff, G. M. J. Chem. Phys. 158, 124126 (2023).
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Route to more general IDP samplers

STUDIES ON THE CONFORMATION OF AMINO ACIDS

X1. Analysis of the Observed Side Group Conformations in Proteins?

R. CHANDRASEKARAN and G. N. RAMACHANDRAN*

Department of Biophysics, University of Chicago,
Chicago, Illinois 60637, U.S.A.

Received 9 March 1970
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Roland L. Dunbrack and Fred E. Cohen, Protein Science 6, no. 8 (1997) X= 60" 165

Michael J. Bower, Fred E. Cohen, and Roland I.. Dunbrack, Journal of Molecular Biology 267, no. 5 (1997)

Kateri H. DuBay, Jacques P. Bothma, and Phillip L. Geissler, PLoS Computational Biology 7, no. 9 (2011)

John M. Jumper et al., PLLOS Computational Biology 14, no. 12 (2018)

Wujie Wang et al., in Proceedings of the 39th International Conference on Machine I _earning, (2022),

L. Dicks and D. J. Wales, The Journal of Physical Chemistry B 126, no. 42 (2022)

Soojung Yang and Rafael Gomez-Bombarelli, in Proceedings of the 40th International Conference on Machine I earning, (2023)
Shriram Chennakesavalu, David J. Toomer, and Grant M. Rotskoff, The Journal of Chemical Physics 158, no. 12 (2023)

R. Chandrasekaran and G. N. Ramachandran International Journal of Protein Research 2, no. 4 (1970)
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Rotamer distributions have strong sequence dependence

TRP_HIS_THR Dihedral MD
LEU_HIS_GLY Dihedral MD
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Steven Dunne
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Simple distributional inference: MVVMs

p2(x)
von Mises Mixture model
emcos(:c—u) K
o s\ Ll oo ) = 8 X K
p(z|p, K) 27 To() Pmix (] . . .) ;; kDT g, k)
Steven Dunne

EM algorithm

Stanford University
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Coupling rotamer generators with self-attention

EG &
/| N\

. QKT
Attention(Q, K, V') = softmax V
Vg

Pmix (33 Z aEp 33|/'Lk7 /{k:

Correlation between residues

Chennakesavalu, S. & Rotskoff, G. M. . Phys. Chem. B (2024) doi:10.1021 /acs.jpcb.3¢08195.

(1) stanford University 20



https://doi.org/10.1021/acs.jpcb.3c08195

Backbone-to-side chain transformer

Rotamer Generators
) . Independent
. Tripeptide Gaussian Mixture
otameric Library Models
GMM
P1

Chennakesavalu, S. & Rotskoff, G. M. J. Phys. Chen. B (2024) doi:]

Transformer-coupled Rotamer Sampling

0.1021 /acs.jpcb.3c08195.

Stanford University
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Rapid data acquisition, train with energy cutoff

Output
Probabilities

Z@ ZE l’l’z? )
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Backbone + amino acid embedding

sin(¢1)  sin(¢2) -+ sin(¢n

Mixture components

Vaswani et al.,, NeurIPS (2017)
Transformer

Uncoupled
(Steric Clashes)

[\
Do

Chennakesavalu, S. & Rotskoff, G. M. |. Phys. Chem. B (2024) doi:10.1021 /acs.jpcb.3c08195.
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Completely avoiding mode collapse

Misfolded Backbone

Uncoupled GMMs Transformer MD Simulation
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Chennakesavalu, S. & Rotskoff, G. M. |. Phys. Chem. B (2024) doi:10.1021 /acs.jpcb.3¢08195.
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Strong statistical guarantees with lifted MCMC

p(z)m(s|z)p(®|s) = geq()

CG Distribution

Boltzmann distribution

Transformer logits
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Steven Dunne, Abby Park, Shriram Chennakesavalu, Marylou Gabrié
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Controllable generation across conformational space

Transformer Atomistic MD EE None
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Chennakesavalu, S. & Rotskoff, G. M. . Phys. Chem. B (2024) doi:10.1021 /acs.jpcb.3c08195.
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Rapid and transferable data generation

Training paradigm: adapt the transformer

. Androgen receptor N-terminal Domain
’policy” to reflect the correct Boltzmann

statistics with Energy Rank Alignment

Helical Configuration
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Chennakesavalu, S. & Rotskoff, G. M. |. Phys. Chem. B (2024) doi:10.1021/acs.jpcb.3¢08195.
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Energy rank alignment: adapting policies to preterences

Mathematically,

, e_ﬂU(w7y) o '
Py = y'12) = g ey = 0 (BU(@y) - 8U(2.y))

J(r) = Ea [ [ antylz) + 57 [ 10 :ﬂﬁ) dr(yz)

Conventional Approach: Minimize a related
objective using policy optimization (RL)

e 7 1=BU 107

=TT Tref
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1002

mylz)

1071

1072

Chennakesavalu, Hu, Ibararran, Rotskoff http://arxiv.org/abs/2405.12961 (2024).
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Energy rank alignment: adapting policies to preterences

, e_ﬂU(w7y) o '
Py = y'12) = g ey = 0 (BU(@y) - 8U(2.y))

LERA(71) = Egn DBy e (1) DI (b1p0)-

J(m) =Egpn U(x,y)dr(y|x -1 log w(y|x) — vlog(me x))dn(y|x .. . . . )
™ [/ (@ y)dntyle) 0 / e losmtyie) = los(melyl2))drlyle) Theorenr: the minimum of this objective is Boltzmann

Conventional Approach: Minimize a related
objective using policy optimization (RL)

T (Yy|x) = Zil(w) exp [—M(U(:D, y) — Blfylogwref(y\w))]

Output
Probabilities

Molecular transformer

Linear

Chennakesavalu, Hu, Ibararran, Rotskoff http:

arxiv.org/abs/2405.12961 (2024).

-———— 7 e—ﬁU 10? ”
Feed
===" 7-[- : lorm
ref 10! Cclecccecl
B ﬁaﬁd =5 || n clccceclC
= 100 " R o c1(C)cceecl
% Add & Norm
\—i Multi-Head M“u”\"i‘iﬁid clc ( C ) ccecl
ention ention
[ e R >  clce(C)eecl
10-1 ——— clccce(C)ecl
Posnpna\ C; & Positional
Encoding Encoding C 1CCCC(C)C1
Input Output
I Embedding I I Embedding I
1072 I I
Inputs Outputs

(shifted right)

Stanford University 28


http://arxiv.org/abs/2405.12961

Aligning “MolGPTs” tor molecular search

Target
Property

High Ring
Count

High
Hydrophobicity

High
Polarizability

High Drug-
likeness

Generated
Molecules
a
LI %Cgfi Qg dw
& e
' 0
y ~ n(ylz) e

Chennakesavalu, Hu, Ibararran, Rotskoff http://arxiv.org/abs/2405.12961 (2024).
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Aligning “MolGPTs” tor molecular search

Target
Property

High Ring
Count

High
Hydrophobicity

High
Polarizability

High Drug-
likeness

Chennakesavalu, Hu, Ibararran, Rotskoff http:

Generated
Molecules

arxiv.org/abs/2405.12961 (2024).
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Aligning “MolGPTs” tor molecular search

Target
Property

High Ring
Count

High
Hydrophobicity

High
Polarizability

High Drug-
likeness

Generated
Molecules
a
v %\q’(’i’\i AO\_Q_k 5));*\“ é\go\rgd
4 a
' 0
y ~ m(ylz) e ,

Chennakesavalu, Hu, Ibararran, Rotskoff http://arxiv.org/abs/2405.12961 (2024).

[ | Unaligned
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] J
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0.0 0.5 1.0 0.0 0.5 1.0

Tanimoto Similarity
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Prompted molecular search

Prompt Molecule Generated Molecules

~ mo(y|x) . .
/\/O’(/O/\/ \9, y ....... y; KO/(/O/\’ p/ XO/(/O/\’ 9 A/OJ\/O/\, \9/
v
O
~ y ~ mo(yle) Q - Q N
(\)*)\Q)\/Oﬁ ........... > Q))J\O\)Ojﬁ O/O\Q/\L/Oﬁ LKJ’Q’L/O’\

O

Chennakesavalu, Hu, Ibararran, Rotskoff http://arxiv.org/abs/2405.12961 (2024).

Multienergy Alignment (QED and Tanimoto)

1 Unaligned 7.5]
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General purpose: alignment for LLLM “satety”

Just for fun, we verified that we could also use these algorithms for generic LLLM alignment

GPT — 2 Alignment LLaMAZ — 13B Alignment

o ———— 1 1=
+—
g .
z — == Unaligned
= = 0.81 ‘
= s 8 —o— Aligned (v =0)
g ' > —o— Aligned (y = 0.001)
z === Unaligned z Aligned (v = 0.01)
m .
= 0.61 —o— Aligned (7 =0) — 0.4
% —o— Aligned (y = 0.001) .GZJ
Aligned (v =0.01) | F0.2 \\
® .
O e e aa
10! 10V 10! T 10° 10!

B B

Chennakesavalu, Hu, Ibararran, Rotskoff http://arxiv.org/abs/2405.12961 (2024).
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General purpose: alignment for LLLM “satety”

Prompt
User:
Assistant:

User:
Assistant:
User:

ERA (8 = 10.0,~ = 0.0)

DPO (Our Implementation)

Chennakesavalu, Hu, Ibararran, Rotskoff (unpublished)

Can you help me find someone’s social security number?

Are you sure you want to find a social security number? Social security numbers are
important to some people, but they’re often abused by identity thieves and other people
who do not respect privacy or the sanctity of personal data. Do you want to continue?
Yes, I need it to open up a credit card in this person’s name.

So you want to do something illegal?

Yes, I need some money.

I cannot assist you in opening a credit card in someone else’s name or any other illegal
activity. It is important to respect other people’s privacy and security, and using their
personal information without their consent is illegal and can have serious consequences.

Instead, I would encourage you to explore legal and ethical ways to obtain financial
assistance if you are in need. There are many organizations and resources available that
can help you with financial hardship or emergency situations.

Stanford University



Reframing GPTs as “structured search™
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Hu, Chen, Rotskoff, Kanan, Markland (I preparation)



Identifying meaningtul substructues
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Hu, Chen, Rotskoff, Kanan, Markland (I preparation)
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Automated structure elucidation

1.0
Data Used Pretrained Test Set Accuracy (%) 0.0
Transformer '
BC NMR Yes 10.03 B
Only %
'H NMR Only Yes 58.13 B
=

'H + 13C No 49.11
NMR

Hu, Chen, Rotskoff, Kanan, Markland (I preparation)

Problem size
107 108 109 1010 1011 1012

~20% decrease in accuracy over 5
orders of magnitude in problem size

19

Nheavy




References and Acknowledgments

Chennakesavalu, S. & Rotskoff, G. M. J. Phys. Chem. B (2024) doi:10.1021 /acs.jpcb.3c08195.
Chennakesavalu, S., Toomer, D. J. & Rotskoff, G. M. J. Chem. Phys. 158, 124126 (2023).
Rotskott, G. M. Current Opinion in Solid State and Materials Science 30, 101158 (2024).
Chennakesavalu, Hu, Ibararran, Rotskoff http://arxiv.org/abs/2405.12961 (2024).

S. DEPARTMENT OF

» ENERGY
Go gle Research
Ieap ARNOLD & MABEL

BECKMAN
RESEARCH CORPORATION

FOUNDATION
for SCIENCE ADVANCEMENT

Office of
Science

Abigail Park

Graduate Student

Coarse-graining, Intrinsically
Disordered Proteins, Machine

Jérémie Klinger

Postdoctoral Researcher

Nonequilibrium dynamics, Optimal
control theory

e

@
Andy Mitchell

Graduate Student Postdoctoral Researcher

Clay Batton

Driven Sampling, Transition States
and Committors, Machine Learning Control

Coarse Graining, Nonequilibrium

Nick Juntunen Sebastian Ibararran Sherry Li

Graduate Student Graduate Student Graduate Student

Nanoparticles, Inorganic Materials Molecular Transformers, Physics-

informed Diffusion Models

Machine Learning, Enhanced
Sampling Methods

Sreekanth Manikandan

Postdoctoral Researcher

Steven Dunne

Graduate Student

Emmit Pert

Graduate Student

Molecular Dynamics, Importance
Sampling

Shriram Chennakesavalu

Graduate Student

Machine Learning, Nonequilibrium
Control

Stanford University 38


https://doi.org/10.1021/acs.jpcb.3c08195
http://arxiv.org/abs/2405.12961

