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FlowBack: A Flow-matching Approach for
Generative Backmapping of Biomolecules

Objective

&

Generate an ensemble of
all-atom (AA) structures
consistent with a single
coarse-grained (CGQG) trace
Develop generalized
approach applicable to
various biomolecules and
CG models

Improve on and compare
against existing methods:

Coarse-graining
(many to one)

(one to many)

Minimize reconstruction loss
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& vp(t,r) = EGNNy(t,z) —

Generative approach to learn an ordinary differential
equation that transforms one distribution into another?
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Model Training

Sample
L1 ™ 91(35’1)

ro ~ qo(wo|T1, 0p, M)

t ~U0,1)

Interpolate and noise

ty < try + (1 —t)xg

vy ~ N (e, o7 1)

vy | M| < py | M
Regress against
vector field

X; (batch)

Noise (x;)

X

vp < EGNNg(xy, t, M) —xp . A

Uy <— T1 — T
Zorm < |[vg — wy|?

time (batch)
h

EGNN (6x) vg“
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Model Inference

t=0.33

t=0.67
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t =1+ At

Vg = EGNNQ(SCt,t, M) — Ut
Ty = Ty + Vp - At
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Evaluation Metrics

Bond Score 1
Percent of bonds within
10% of reference
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Training Data
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e ~65k structures from PDB up to 1000 residues in length?
« 1577 protein-DNA complexes from DNAproDB database®
 mmSeqs clustering to build 50 sequence protein-DNA validation set

et P22 W & DNAproDB
PROTEIN DATA BANK h

VURS

* Proteins are coarse-grained such that only Ca atoms are retained
 DNA reduced to 3-site-per-nucleotide (3SPN) representation,
beads places at sugar, base, and phosphate centers of mass

k Test Systems )

24 protein structures from CASP
structure prediction challenge®

100

Fast-folding protein trajectories
generated by Ca-based CG model®
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50 Protein-DNA complexes from
DNAproDB test set®

TATA-Binding protein-DNA trajectory
generated by AICG + 3SPN.2 Model®

Clash Score |
Percent of residues within
1.2 A of any other residue

Diversity Score {
Similarity of reference to
generate distribution
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