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Relational Graph Convolutional Network (RGCN)
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h(l“) representation of node i at layer /

SQ: relations (edge types)
N..(i): neighbors of node i

(Schlichtkrull et al., 2018)
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RNAmigosl: Proof of concept

Encode binding pockets as graphs
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RNAmMIigos2 overview
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Data source

Docking scores : ~1.2M RNA-pocket / ligand pairs scored by
rDock.

Binding sites : 1,740 native RNA—small-molecule complexes
from the PDB.

Chemical compounds : ~1.5M unlabeled drug-like molecules
for VAE pre-training.

RNA neighborhoods : ~200k binding-site-like subgraphs from

the PDB for RGCN pre-training. (Carjaval-Patifio et al., 2025)



Encoder & Decoder

ng  Encoders (unsupervised): a VAE on
” ’ 5 small molecules and an RGCN on
pocket 2.5D graphs.

 Decoders (supervised, joint): AFF
N predicts the rDock docking score;
e T COMPAT predicts native vs. decoy.
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Ligands Pocket
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Input: a target pocket + a library of compounds:

1. Encode pocket once with the trained RGCN.

2. Encode every compound with the VAE.

3. For each (pocket, compound), get scores

from both the AFF and COMPAT heads.

4. Ensemble —final p(bind).

(Carjaval-Patifio et al., 2025)
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« Candidate ligands: PDB (native) + filtered ChEMBL (decoy) compounds.
* For each PDB binding sites, score all compounds and sort them.
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Leakage from pre-training

(some) Challenges of validation

Repeat experiments with multiple random seeds
Class imbalance (e.g., PDB ligand dont display drug-like features)
Generalization to unseen (distant) instances
Validate the model leverage ligand AND structure features

1.00

Max RMscore to train set
0.35 0.40 0.45 0.50 0.55 0.60 0.65 0.70 0.75

+ ."7‘.._‘ A S -k o
fox 2 : ~

£

0.957 A

0.901

AuRQOC

0.801

0.75+

0.831

A
O

Ligands
Pockets
Median
Mean

98 4

AuROC

o]l

Noised pockets |

RNAmigos2

O ——

Pocket Swap

Number of hops &
°2 3 4

0.000 0.025 0.050 0.075 0.100 0.125 0.150 0.175 0.200

prevalence

(Carjaval-Patifo et al., 2025)

94 T ! T T T T T
0.50 0.60 0.70 0.85 1.00 1.15 1.30

Fraction of pocket



A hybrid docking strategy ~ Performance:
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Objective: Even if you do not fully trust RNAmigos, ————
you can use it to accelerate classical docking ' n
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(Blind) Test on ROBIN large-scale in-vitro assay
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] README &3 MIT license

Using the tool with Collab

The easiest way to use the tool is to use Google Colab.

CO Open in Colab

You will need to provide a cif file, a binding site in the form of a list of binding pocket nodes and a list of ligand
smiles.

Try i t Using the tool locally

A local use of the tool is also possible by following the next steps. NOTE: This has been tested on Linux Ubuntu
24 and Mac OS 13 and 14. No special hardware requirement, inference code runs on common desktops and
laptops.

yO u rS e I I I First, create a conda environment:
e

git clone https://github.com/cgoliver/rnamigos2.git

cd rnamigos2/

conda create -n rnamigos2

conda activate rnamigos2

pip install numpy==1.26

pip install torch==2.2.2+cpu torchaudio==2.2.2 torchdata==0.7.1 torchvision==0.17.2 ——index-ur
pip install dgl -f https://data.dgl.ai/wheels/torch-2.2/repo.html

pip install -r requirements.txt

To run RNAmigos2.0 on your own target and ligands, use the rnamigos/inference.py script.

https://github.com/cgoliver/rnamigos2
carlos.oliver@vanderbilt.edu



Binding site prediction

Ribo-LENS
(Nitchi et al., submitted)
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Ribo-LENS framework
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Benchmark on GerNA-Bind test set
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« GerNA-Bind test set (Xia et al., 2025) from HARIBOSS (Panei et al., 2022).
« Split: training set (structures <2020) & test sets (structures >2020).

. Positive: nucleotides < 4A (Nitchi et al., 2026)



APO/HOLO conformational robustness
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APO/HOLO case study
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What is the impact of pooling?
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Simulation of sequence-based virtual-screening

ROBIN assays

~25,000 small molecules binding against target 27 RNAs
Retain only RNAs for which we can predict a structure (14)

Predict 3D structure (RhoFold+)
Extract 2.5D graph (for Ribo-LENS)

Predict binding site from 2.5D with Ribo-LENS
3 pooling steps, no threshold

Dock small molecule library on candidate sites with rDock
Additional blind docking with rDock for a baseline
Compute enrichment score



Ribo-LENS vs Blind Docking
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Prediction on small molecules binding RNA

RNAglib
(Mallet et al., 2022)
(Oliver et al., 2025)



rnaglib: A framework for RNA ML applications
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Shoutout

Reasoning in RNA-targeting drug

design
Review and benchmarks of ML
methods
Metric Without Target Performance
swapping swapping gap
Boltz 2 AuROC global 0.535 0.533 +0.004 -0.4%
target  0.530  0.529 £ 0.002 -0.2%
RNAmigos 2 AuROC target 0.899  0.791 &+ 0.007 -12.0%
RSAPred AuROC global 0.600 0.670 &+ 0.057 +11.7%
target  0.581  0.449 £ 0.047 -22.7%
DeepRSMA PCC global 0.784  0.424 4+ 0.064 -46.2%
target  0.430  0.351 £0.021 -22.5%
GerNA-Bind AuROC global 0.783  0.514 +0.005 -34.4%
target  0.765  0.529 £ 0.005 -30.9%
RNAsmol (Mol perturbation) AuROC global 0.974  0.975 %+ 0.000 +0.1%
target  0.972  0.973 £ 0.002 +0.1%
RNAsmol (Net perturbation) AuROC global  0.717  0.546 & 0.009 -23.8%
target  0.651  0.569 £ 0.008 -12.6%

(Karroucha et al., 2026)

Comprehensive benchmarking for RNA
structure-function modeling

Exploring structure representations with
rnaglib
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