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During the folding process, RNA traverses
through a series of intermediate structural
states, with each transition occurring at
variable rates that collectively influence the
time required to reach the functional form.

Unfolded State

RNA folding kinetics describe the probabilistic
dynamics of the RNA folding process.

RNA folding times allow to analyse the folding
efficiency with applications in synthetic biology
and candidate selection for drug discovery.

Problem: Current RNA kinetics simulators are
costly and scale exponentially with the RNA
length.

We present KinPFN, a novel approach for RNA
folding kinetics based on prior-data fitted
networks (PFNs) [1, 2].

Trained on a synthetic prior representing RNA
folding times, KinPFN achieves comparable
results while reducing simulator costs by
295%.
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Background: RNA Folding Kinetics

RNA Folding Times, the time required to
fold into the structural form, allow to
analyse the folding efficiency with
applications in synthetic biology and drug
discovery.
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Problem: Existing RNA folding kinetics
simulators are costly and scale
exponentially with the RNA length, which
makes them inapplicable to applications
such as kinetic RNA design.
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Benchmarking runtime using [3] on a single
AMD Milan EPYC 7513 CPU with 2,6 GHz.

Our Approach: KinPFN

a Training on a Synthetic Prior

Runtime
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Synthetic Datasets are Drawn from
Multi-Modal Gaussians to Mimic
RNA Folding Time Distributions
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b Application

RNA Kinetics Simulators are

Costly and Scale Exponentially
with the RNA Length

Length

KinPFN: Bayesian Approximation of RNA
Folding Kinetics using Prior-Data Fitted Networks

KinPFN Leverages In-Context Learning
to Approximate a Given Distribution
from a Few Example "Times"
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KinPFN Approximates the
Distribution of Folding Times Using
Kinetics Simulations data as Context
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KinPFN is Trained on ~5M
Distributions by Minimizing the
Negative Log-Likelihood
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KinPFN Achieves Comparable
Results While Reducing
Simulator Costs by = 95%
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Training on the Synthetic Prior

From Synthetic to Real Data

Performance is Independent of RNA Features and Kinetics Simulators
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Case Study: Kinetics of Natural RNAs

Setup: o EEE tRNAPhe
We use 50 context RNA folding times from 1,000 simulations of [3]. m
5 2000
iz:_’
Data: 2 1500
Four natural RNAs: tRNAP™ 5S rRNA (both S. cerevisiae), SAM Riboswitch (B. 'é
subtilis), micro RNA (H. sapiens). 5 1000
.E 500
Results:
95% runtime improvement (~2 days — ~3 hours) with minimal accuracy loss. o I

50 1000
Number of Folding Simulations

tRNAP® (76nt)

each RNA.

e ¢o: AUCUCCAACGACCCACCGAUAGUUUAGUGACACUUCACUCCCG
¢ ¢1: AGAAGUAGUGUUGUUGUGUUAAUCUCCCUCGGCAGAGGGCCAU
e ¢: CCAUGCAUUUCCUUAAGGUAUUUAGCCGUCUCCAGGCGGAUAU

Case Study: Folding Efficiency Analysis

Setup: Compare the folding efficiency of three 43nt RNAs (¢, 9., ¢,)
with the same minimum free energy (MFE) structure.

Data: 10 context RNA folding times from 1,000 simulations of [3] for

Results: 100x speed-up per RNA at comparable performance.
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Generalization to Gene Expression Data

and

Setup: Evaluate KinPFN generalization performance by
using data from different biological context.

Data: smFISH counts from [5] for the expression of
Interleukin-1 (IL-1a, IL-18) and tumor necrosis factor alpha
(TNF-a) mRNA in two immune cell lines, established RAW
bone-marrow-derived
macrophages (BMDM)) stimulated with Lipid A.

Results: KinPFN achieves accurate approximations of the
gene expression using only 8% of the count data.

KinPFN requires only 8% of the data!
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KinPFN requires only 5% of the compute!
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KinPFN requires only 1% of the compute per RNA!
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