Minimal-Al:
Unsupervised learning
of the rules of RNA base pairing



What does it take to learn the rules of RNA base pairing?
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A lot less than you may think

Jay Pratap, Ryan Krueger, ER; Commun. Biol., 2026



To learn the rules of RNA base pairing

Deep models with millions of parameters

Minimal model?

Trained on 100 thousands RNA seq/structures

Minimal inputs?



Minimal model

Thermodynamic models

Nearest Neighbors NN
ViennaRNA, RNAfold

minimum free energy
hard to train

~ 2k parameters, fixed

Probabilistic models

Stochastic Context-free
grammars (SCFGs)

maximum probability

easy to train (from structures)
flexible (from 20 to thousands)
TORNADO, NN SCFG mimics
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Minimal training inputs

RNA secondary structures?
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RNA sequences only??

5-GGGCCCAUAGCUCAGUGGUAGAGUGCCUCCUUUGCAAGGAGGAUGCCCUGGGUUCGAAUCCCAGUGGGUCCA

Pratap, Krueger, Rivas, Comms Biol, 2026



The not-deep-at-all model

G6 Grammar
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For this minimal experiment, we selected the G6 grammar [9], which has only 21 free probability parameters. The
G6 model, first introduced in the method PFOLD [17], is described in Figure 1. The G6 grammar provides rules to
generate sequences. It’s built-in assumptions (implicit inductive biases) are:

¢ Residues can be either uncorrelated (unpaired) or pairwise correlated (paired).

o The ratio of unpaired to paired residues in a sequence is unconstrained.

o Arbitrary number of unpaired residues can occur interspersed in between any base pair.
o A residue cannot pair with more than one other residue.

o Paired residues can be disjoint or nested but they cannot cross.

o All unpaired residues are generated by the same rule.

o There are two distinct rules for paired residues, allowing (but not forcing) the model to distinguish terminal
(or disjoint) base pairs from other base pairs that are nested together forming helices.



(b) sequence 5 -CUAGCUCGCGCUGUA
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Thermodynamic models Probabilistic models

Discriminative models Generative models

P(m | seq) = w P(seq,m | SCFG)
MacCaskill: Inside: P(seq | SCFG) =
Z(seq) = 3, = AGm <) 5, Plseq. | SCFG)

Maximize: P(dataset | SCFG,T) =1]] P(seq | SCFG,T)

seq€dataset

Minimize:

—log P(dataset | SCFG,T) = -5 log P(seq | SCFG,T)

seqEdataset



The Loss

minr|[—log P(dataset | SCFG,T)] = ming|[— log P(seq | SCFG,T
[ log : g P(seq ;
seq€dataset

= minr[— Z Paata(seq)log P(seq | SCFG,T))

seq

. Piara(seq)
= minr [Z Paata(seq) log Plseq | SCEG, T)]

seq

= miny K L(Piata(seq)||P(seq | SCFG,T))

Maximizing (in T) P(seq | SCFG,T)
is equivalent to

Minimizing the Kullback-Leibler (KL) divergence between
Piata(seq) and P(seq | SCFG,T)



maximize the probability of the training sequences

T
RNA seq1 P(RNA seq1 | G6,T)
RNA seq2 S ->LS ts P(RNA seq2 | G6,T)
RNA seq3 s -> L P(RNA seq3 | G6,T)
RNA seq4 t P(RNA seq4 | G6,T)
RNAseq5 — | 77 °F° L |—p P(RNAseq5|G6,T)
RNA seq6 L-> o P(O) P(RNA seq6 | G6,T)
RNA seq7 F->0Fo tF P(RNA seq7 | G6,T)
RNA seq8 P(RNA seq8 | G6,T)
- 00
RNA seq9 r>us  [EEE P(RNA seq9 | G6,T)
RNA'seqN P(RNA seqN | G6,T)

T that minimizes
Loss = -y .logP(seq.| G6, T)



maximize the probability of the training sequences

T
3

RNA seq1 P(RNA seq1 | G6,T,)
RNA seq2 S ->LS ts P(RNA seq2 | G6,T,)
RNA seq3 s -> L P(RNA seq3 | G6,T,)
RNA seq4 t P(RNA seq4 | G6,T,)
RNAseq5 — | 77 °F° (;) —p P(RNAseq5| G6,T,)
RNA seq6 A L=> o p P(RNA seq6 | G6,T,)
RNA seq7 F->0Fo tF P(RNA seq7 | G6,T,)
RNA seq8 P(RNA seq8 | G6,T,)
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RNA seq9 r->1s p(oo) P(RNA seq9 | G6,T,)

: epoch 3 :

RNA segN P(RNA seqN | G6,T,)

updateto T,
Loss,

gtochastic gradient descent
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maximize the probability of the training sequences

T
RNA seq1 P(RNA seq1 | G6,T)
RNA seq2 S ->LS ts P(RNA seq2 | G6,T)
RNA seq3 s -> L P(RNA seq3 | G6,T)
RNA seq4 t P(RNA seq4 | G6,T)
RNAseq5 — | 77 °F° L |—p P(RNAseq5|G6,T)
RNAseqs | L-> o P(O) P(RNA seq6 | G6,T)
RNA seq7 F->0Fo tF P(RNA seq7 | G6,T)
RNA seq8 P(RNA seq8 | G6,T)
- 00
RNA seq9 r->1s p(oo) P(RNA seq9 | G6,T)
RNA'seqN P(RNA seqN | G6,T)
dLoss/dT
- -
backpropagation

Python/JAX automatic differentiation



Loss

Learns the rule of RNA base pairing

Base pair probabilities

Training: RNaseP RNA 50 seqgs
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Learns the rule of RNA base pairing

Base pair probabilities

Testing: tRNA segs
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Loss

Training on random (shuffled) sequences
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Are we ditching deep learning?
absolutely not!

We love:

working on fast hardware: GPUs, TPUs

computational frameworks to train parameters: PyTorch, TensorFlow
Easy automatic way to calculate gradients: Backpropagation, JAX
“room” to be surprised by what we can learn: more parameters

Learning from data w/o previous assumptions

There is more to RNA structure than helices of canonical base pairs



loops

Important for molecule binding

Staphylococcus aureus RnaseP RNA
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G6 Grammar
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all unpaired residues are treated equally



RNA Basic Grammar (RBGJ3J4)

/0 s
S N I end
adds a helix

a free unpaired residue

IHy

helix starts a one-basepair helix ends
. A | A,
helix adds one base pair helix ends

what can happen at the end of a helix...

P P P S B S

hairpinloop  left buige loop right bulge loop internal loop multiloop.
mululoop 3-way junction = 4-way |unc1|on >4~way junction

A

adds fifth branch adds one more branch

A branch, possibly with left-upaired residues

—_—

LU
left-unpaired residue  branch adds the helix

Last branch, possibly with leftright-upaired residues

Py

right-unpaired residue add the left-branch

©  anANAresidue, not forming any base paiing S, H, F, P, ML, M, J3, J4, JJ, M1, R
0000 a set of contiguous unpaired RNA residues non-terminals that transform following one of the allowed rules

©© anNAbasepar Rivas, PLOSCB, 2020



3D motifs in |oops

GNRA tetraloop N

K Turn 5




RNA Basic Grammar (RBGJ3J4)

RBGJ3J4-R3D Grammar
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L0} 458 | AN - . : 9 .
mulioop 3-way junction | d-way junction  >d-way junction IL=>0...0 Ho...o | I ... | IL ¥ s J3 module
P
J3°=> BB BT
g3 => 33° | 334 ... | I3 G A u
5's G
J4°=> BB J3° b 3
o> 340 . s -
34 => 30 | 34| ... | 34 ol B A
c 5
— 37 => BB J4° g C
‘adds fifth branch adds one more branch HCV IRES
§ 3 J4 module
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< ———————————————- BB -> ML | BS' ML | ... | BS*Ml 3 =
SN _,. S R ————— R UKNRW
left-unpaired residue branch adds the helix - N
ER——
Last branch, possibly with leftight-upaired residues ., BS motif
; ——— BT-> R | BBBS'| ... | BBBS" ~ !
H h 5
S g, b A
tight-unpaired residue add the left-branch H

®— base Watson-Crickedge ~ @—<—@ cis Watson-Crick / Watson-Crick base pair

au
woay @0 baseHoogsteen edge ®->-0-@ trans Sugar-Edge / Hoogsteen base pair

=AU

®->— base Sugar edge @ —B-@ cis Watson-Crick / Hoogsteen base pair

Karan & Rivas, Nat Methods, 2025



RNA 3D Motifs in the Literature

Type _ WMofif name PDB___Rfam homology CaCoFold-R3D___Other Methods Wiofif Model
T GNRA-tetral TET6  synihetic 70 = Fendrix ef al. , 2005 [17]
' U-tu 4WFL  RF00017_Metazoan_SRP yes - Kempf et al. , 2014 [ 22]
' >-tetral 1E7¢  synthetic 48 - Hendrix et al. , 2005 [ 17]
HL ANYA-tetra 6usF  synthetic 18 - Hendrix et al. , 2005 [ 17]
' 2161 synthetic 20 - Hendrix et al. , 2005 [ 17]
HL 1aFx  synthetic 13 - Hendrix et al. , 2005 [ 17]
' 38WE  synthetic 15 - Keating et al. , 2009 [ 21]
HL 4n4r  synthetic 26 - Zhao et al. , 2012 [ 99]
' 7saM  RF01085_TLS-PK4 yes - RMfam [ 36
' 1U9s  RF00010_RNaseP_bact a yes - Das & Baker, 2010 [20]
HL i in_lc 1scL  RF02540_LSU_rRNA archaea yes BayesPairing2 Szewczak et al., 1993 [100]
' A_bindi 2ur0  RF00018_CsrB yes - Duss et al., 2014 [ 23]
HL GAGUA_pentaloop_sars 1xJR _ RF00164_Coronavirus s2m motif yes - Das & Baker, 2010 [20]
T Kink-turn_SAM_riboswitch 2615 RF00162_SAM_riboswitch yes BayesPairing2 Das & Baker, 2010 [20]
[ Kink-turn_rRNA 1332 RF02540_LSU_rRNA_archaeal yes RMDetect Das & Baker, 2010 [20]
I LoopE 3540 RF00001_5S_rRNA yes - Das & Baker, 2010 [20]
I GAAA_Tetraloop-receptor 161D RF00028_Group | intron yes - Cate ot al., 1996 [8]
I C-loop 1572 RF02541_LSU_rRNA_bacterial yes RMDetect Lescoute et al., 2005 [ 84]
I G-Bulge 3p1L  RF00168_Lysine riboswitch yes RMDetect Serganov et al. , 2008 [ 87]
I G-Bulge_Das 109n  RF02541_Bacterial LSU_RNA yes - Das & Baker, 2010 [20]
L tandem GA 15A9  RF00177_SSU_rRNA bacteria yes RMDetect Cruz & Westhof, 2011 [3]
[ Twist up 1558 RF02541_LSU_TRNA bacterial no, 9 - Zhong & Zhang, 2011 [101]
I UAA/GAN 6AHR  RF00009_RNaseP_nuc ves - Lee ef al., 2006 [ 102]
I Jaalap 208z RF00380_M-box_riboswitch yes - Das & Baker, 2010 [20]
I Jass 2r8S  RF00028_Group | intron no, Das & Baker, 2010 [20]
I ANIGG_RRE 1csL  RF00055 HIV-1 RRE too conserved, 10 - Das & Baker, 2010 [20]
I SRP RNA DOMAIN IV 1c0s  RF00017_Metazoan_SRP yes - Schmitz et al. , 1999 [ 65]
L Hook_turn_GAAC/CUA 1MEK  synthetic 32 - Das & Baker, 2010 [20]
I Docking elbow-IL 3010 RF00011_RNaseP_bact_b yes - Lehmann ef al. , 2012 [ 83]
I pK-turn 30K7 _ RF00010_RNase P RNA no, 45 - Meyer et al., 2012 [ 89]
73 Purine_riboswiich_J3 2EEW  RF00167_Purine riboswitch yes = Das & Baker, 2010 [20]
J3 hammerhead_CUGA/AIC 359D RF02275_Hammerhead_HH9 yes - Das & Baker, 2010 [20]
J3 J3_typeA 4rzD  RF02680_PreQi-lll yes - Lescoute & Westhoff, 2006 [103]
J3 J3_typeB 1558 RF00177_SSU_rRNA_bacteria yes - Lescoute & Westhoff, 2006 [103]
J3 J3_typeC 41x6  RF03165_2dG-l riboswitch yes - Lescoute & Westhoff, 2006 [103]
J3 J3_TPP 26DI  RF00059_TPP riboswitch ves - Serganov et al., 2006 62]
J3 J3_groupll 5301 RF02001_group-Il-D1D4-3 yes - this work
7 HCV_IRES_AAJOIUT0 1KH6  RF00061_IRES_HCV yes - Das & Baker, 2010 [20]
J4  Ja_UIRNA 3pGW_ RF00003_U1 RNA yes - Weber et al. , 2010 [104]
BS  Tloop 1ERZ  RF00005_RNA yes = Fendrix e al., 2005 [17]
BS  LoopE-a 4FRN  RF01689_AdoCbl-II yes - this work
BS  LoopE-b 4FRN  RF01689_AdoCbHIl yes - this work
BS _ CRC_binding - RF00195_RsmY yes - Sonnleitner et al., 2009 [ 105]
PK 5D0E__RF01739_Glulamine riboswitch yes = Ren et al., 2015 [ 64]




Unsupervised Learning of RNA 3D Motifs

Can we learn the 3D motifs from RNA sequences alone?
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G5 Grammar
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S ->0S N N L,
S->0S oS IL —_— eI/ S | I/ S \‘_1/ S end
S -> end t, p(o) t p(o o) 1-t,-t
m, G5: G6:
P(m,) 4 3
BRI - = 0.051
N p =0.0067 t x t-=o0.0s19
5= GCAUAAAAUGC = >
< P(m,) t t4
ﬂz —  ~ 'p =0.0067 | =0.0006

G5 cannot favor helix stacking



Learns the rule of RNA base pairing

Base pair probabilities
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Learns the rule of RNA base pairing

Testing: tRNAs

G6 ML parameters
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To learn the rules of RNA base pairing

Deep models with millions of parameters

Minimal model
21 free parameters

Trained on 100 thousands RNA seq/structures
Minimal inputs
25-50 RNA sequences only



Merging SCFGs with standard deep-learning methods:

Stochastic Gradient Descent

Backpropagation by automatic differentiation

A loss that optimizes the marginal probability of the sequences (all

structures integrated)

Loss is calculated exactly with Inside algorithm, (no need for
“evidence lower bound")

SCFGs directly interpretable: a structural RNA genefinder

structural RNA SEQUENCES

RNaseP RNA sequences

"1225 sequences
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