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I love stochastic LANGUAGE models

ChatGPT

2020's Hidden Markov Models on Speech Recognition
1980’s

Protein structure prediction by HMM (1991)

"Proteins are not statistics ! " (by biologists) 1990 2D structure prediction

“Island model"
7 DATA [ Features " DATA T Eantures

‘ 7 DATA [ Features
Speech Waveform Spectrum : g ] !

! aa sequences | 2?7?77 [

; ; A -spectrum i e . | | | i

i Vector Quantizati on Rt e e S | ARHLDEVKISLKDGTRVCHELISVL | i O e N

H izati ; 5 | CHLDRWEKQLTACVMEHSKLIVW | [ H i )
' ! !Word model (HMM) ' GSHRKLFWLQKKEFATGDRWEKQL ' ' ! 20 amino amds 2D structure model (HMM)
i 1 { ! i TAGGASQPLKIRVCHELISVLLKQE | ! g i ‘ i
M |:> - \ | ! O Q O : | AAGCTTTACCGGATTACGACAGC | |:"> i ! :

| FWLKKEFATGCEKQLTACVMETA f
I

000

'::;52%%6 :> QQQ

R s i (400 kinds) i LN 7 O ____ : __________ .
Continuous speech recognition by HMM e = @ ---------- o S ' @ __________
Drastic improvement of recognition rate HMM Q e Only 300 entries in PDB
using automatically labeled

Hidden Markov Models on gene-finding
DP matching (1996) for 39 e =2

s before HMM
Finding Genes by Hidden Markov Models I //—/j alignment

k-mer models
with a Protein Motif Dictionary markov models

HM M —— Gram mér
3D structure prediction | known strutture
lack of enough train a /

automatic learning???

Kiyoshi Asai ! Tetsushi Yada Katunobu Itou ! f
asai@etl.go.jp yada@tokyo.jst-c.go.jp kitoQetl.go.jp

di-codon HMM

' i splice site HMM

! Genome Informatics Group, El hnical Lab. ies (ETL) : A C E:}; regulatory region HMM
1-1-4 Umezono, Tsukuba, Ibaraki 305 Japan E . 1‘ inter genlc HMM

lalready quantized |

2 Japan Science and Technology Corporation(JST)

5-3 Yonbancho, Chiyoda-ku, Tokyo 102 Japan E‘ G T . @
_______________ f gene struction |
HMM cDNA information:
large training data (RNA-seq) |
automatic learning: e NI 2
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Continuous Speech Recognition Techniques
for Protein Structure Prediction Systems

OB M. MK 151, M AR, FEAI—" Genome Informatics 1992 Volume 3, 97-100.
Kiyoshi ASAI', Satoru HAYAMIZU!,
Kentaro ONIZUKA?, and Ken-ichi HANDA
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Optimizing Parameters in Computing (Prediction) System

Input (data) Computation Output (prediction)
X y = f(x]6)
fC-16)
Parameter

Gradient decent on parameters

e loss function
Ot — 6 —n— £,9)
00 ’
fLy,7) = -9
oL B oL Of(z,0) ol
39 = =



Optimizing Parameters in Artificial Neural Networks

Input (data) Computation Output (prediction)

X

fC-

Parameter

BaCk-pl’Opagation Gradient decent on parameters

r 82 8ar+1 oL 8£
(9a Z da% 92" day T, olt+1) . pt) _ n%
ZwT’-Flcs?“—}-l

L or or(i-v Artificial neural networks
07 = —
J da* o1

oL _ oL dap oL ., . ., (i+1) w(.? o oL

owj;  daj 8w T dar T % Y J Ow;

= f(x]6)




Optimizing Inputs  in Computing (Prediction) System

Input (data) Computation Output (prediction)
X y = f(x[6)
| fC-16)
Design Problem Parameter

Gradient decent on inputs

_ 9L
778:1:

oL

00

pit+1) . pg(t)

Fixing parameters already optimized



Optimizing Inputs in Artificial Neural Networks

Input (data) Computation Output (prediction)
X o y = f(x]0)
Parameter
(D) ) , , OL
@ck—propagation \ Wi Wy +n8’w~
71
oL 0z} da, ™t OL
r = — 0
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Optimizing Inputs in Artificial Neural Networks

Input (data) Computation Output (prediction)
X y = f(x[6)
1-hot vectors? f(
— Parameter
ATCCIGATCTAA 5
a1000[0100011 (t+1) (t) L
c0011/0001000 Wi T W g
g 00001010000
t 01000000100 OL _ oL 94j _ OL 11 _ gryr1
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Optimizing

Input (data)
X

1-hot vectors?

Inputs

a 0.35 0.25
c 0.28 0.38
g 0.24 0.14
t 0.13 0.23

0.31 0.35
0.32 0.28
0.21 0.24
0.16 0.13

During/after the iteration,

The values are no longer‘l-hot’

Computation

fC

in Artificial Neural Networks

Output (prediction)

= f(x]0)

Parameter

(D) () oL
W, — w,; -+ n—awﬁ

oL oL Oai 8£‘F’1_57‘r1

ow?; B da’; dw?; 8@"" :

4 oL N
2D ) 4
U
ox
oL oL Oa’ -
635'1' B aa; 63;: - ;5;a$1 ;wjlimﬁ B Z(SJ jz
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RS 12 & 2 Be st - EXa

Linder J & Seelig G, Fast activation maximization for molecular sequence design.
BMC Bioinformatics 22,510 (2021)

Gradient Ascent
e — 2 4.V, P(x)

1-hot vectors nucleotide logits gradient
X _ e Oo(l id
z c {0,1}/VM I:> o(l)i; = ST I:> 85-,23 = o), - (1y_p) — (D))
k=1 i

Matthies MC et al., Differentiable partition function calculation for RNA.  WNucleic Acids Research, 52:3, e14 (2024)
W7+ —IT 4 TR

)I'_.Eé *Lf— d\*ﬁl_% & % RNA@E&U an

Structure-sequence partition function

Zs(x) = ZZ:{:Q e PEas

seS qe@

Frog Foot (ID: 10)
Target structure: .......... ((( )N I({(em ) I{({W)))]

-
o

o

(4}
Normalized
seq. entropy

——— Target probability
~— Norm. seq. entropy

Base index

—~——0.0
25 50 75 100 125 150 175 20(?
Optimization step
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Probability distribution and derivative partition function
of RNA 2D structures

Probability of 2D structure @ for RNA sequence X is:

o—E(c"x)/kT
Z(x) McCaskill DP algorithm is
mathematically differentiable

Prob(c™|x) =

The partition function (s Back propagation for gradient decent is applicable

82, ; = Z 0ZikZhir;+ Zik0Zh s

i<k<j

—E(,x o |
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ctack =8 + Y Zhe Differentiation *.Z. "7t
2 O F i<k<f<j

7; y 2 m ml —Bfa(i,5) ™m ml —Bf3(i,5)
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Iterations of Neural Network and HMM

Neural Network

a

Ten (@

@ aij
HMM

Total probability of the sequence x
calculated by forward algorithm

g
0 e, &)

Initialization:
Same shape of formula, fo=1, f) =00 #0)
substituting h(x) = X Iteration:
a}f:Zw;z:_l fort=0,...,T -1
%. th ' t < i = Zfa’taijej(fﬁt—}—l)
Z; = h(&;) . Termination: T’
wj; = aije;(2t) _ fo?
J
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Iterations of Neural Network and HMM

Neural Network

Back-propagation

oo 0L _ 9% da; ™t oL
J daj - daj 0z} 8@7];“
_ h/(a;“) fr’—|—15£+1
k A
I aaf' ol

a 9
{ en, (@ {} ex, (b)

@ aij

HMM
Hl Zfz aije;(Ti+1)
— Z fg:t_lei wj@ = aije;(z4)
1

dp(x) p(x )3ft+1 t+1 41
%= o =§af;:§+1 TR I

k

Backward algorithm of HMM is a backpropagation of forward algorithm

Jason Eisner. Inside-Outside and Forward-Backward Algorithms Are
Just Backprop (tutorial paper). In Proceedings of the Workshop on
Structured Prediction for NLP, pages 1-17 15



SCFG

Iterations of SCFG and HMM

(FEESCRB H3OE) ‘ g
/&’\ 1 en, (@ IEAQ)

v LE:
SN S aij
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1

’6 j,’U

B(i, j, v)

| | | |
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k=t y,zeC t-l-]. Zfz azJeJ -'I:t_|—]_)

OP(z|lv— xi,...,xj)

Oa(i, j, v)
L ’ . . A —
>y [P ) Sl fi=2_Ffwl  wli=aye)
k=j+1 yeM 80{(?,, ka y) ('?a(z, Js U) %
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?j‘“’e"‘”‘ M Backward algorithm of HMM is a backpropagation of forward algorithm
Z B(k,7,vy) Z alk,i— 1, 2)t(y — 2v) Jason Eisner. Inside-Outside and Forward-Backward Algorithms Are
k=1 ye M zeM Just Backprop (tutorial paper). In Proceedings of the Workshop on

Structured Prediction for NLP, pages 1-17 16



Base Pairing Probability (BPP)

(bp)_ _1
Pij Z(X)

.= x

Zb, = ¢ PhG)
Z Z}E}Ee_ﬁfQ(isjsksg}

b b

\

—

AN ANY

P(bp) —

3 Prob((i,j) € 0*|x) = z P(o|x)

Differentiable !

o|(i,j)ed”

Base-Pairing Probability

A,

8l

i
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Optimizing Parameters in Computing (Prediction) System

Input (data) Computation Output (prediction)
X y = f(x]6)
fC-16)
Parameter

Gradient decent on parameters

e loss function
Ot — 6 —n— £,9)
00 ’
fLy,7) = -9
oL B oL Of(z,0) ol
39 = =



-stimation of energy parameters
of RNA 2D structures




Nearest neighbor energy model of RNA 2D structure
and determination of the energy parameters

Nearest neighbor energy parameters Determination of energy parameters

hybridizing sequences

' -
stacking parameter AG(ASEC)
UCGC — AT —AlF —AE® Tuf
A U o squences” {localfimal ) kealfmod) feu) i°Cy
1 — A U — Two-State Sequences Used in Re
| COGG 455 3431 956 112
—24 kcal/mo| L— G C_ ﬁ G C 2 CGOG 366 1331 D56 19.3
I~ 1 £} GOGC 461 4% 814 ik
_ 4 GGOC 537 3579 SRl M43
— C G — | G ] 5 AOGCA a9 4540 1304 294
& AGCGA 505 4631 1330 302
G C 7 CACAG! 470 40.20 5. 245
— — e C — § GCACG! 617 4531 262
9 GOUCG 614 4338 2
0 ACCGGUR £.51 5078 5
O 1 AGCGCU 759 50.07 357
12 AGGOCU 836 48.19 2
13 CACGUG 6.59 50.31 I
14 CAGCLUGp 68 5155 7
15 CCAUGG 730 56.93 54
16 COGCGG 84 60.T9 3
17 COUAGG 7.80 54.10 9.
H H I8 CGOGOGp 9.1z 5451 4
UV absorbance melting curve analysis @ @ o <h o &
20 CLUGCAGE 1 55.41 557 53
n GACGUC 735 5806 BLS 2
n GAGAGAS 695 62.05 78 !
3 GAGCUC 798 &230 753 7
4 GAGGAGH 850 55.T0 522 501
AG (T) 3 GCAACG! 701 50.57 PRy
— i GCAUCGH 726 5189 1 N
Xp RT 1 GCAUGE 738 6234 T2 57
y= % GOCGOG 188 59.69 57. 61
/ AG (T) 29 GOCGGCp 11.20 b;‘.?: m._:‘
W GOGOCG 10.91 57.85 513 e82
1+ exp (_T 3 GOGCGCR 10.52 6598 RS 2.
32 GOGCGG! 1138 71186 1927 619
o 33 GOGGOGH 1040 58.50 1550 618
50% 4 GOGUCG! 8.76 5238 406 537
35 GCUACG! 156 38.02 1627 450
. . | 36 GCUAGT 182 5913 1651 493
17 GGALCC 744 5370 1451 476
1 | | # GGOGOCH 1132 6178 1820 65
1 3 GGOGOG! 10 6353 17 6l6
1 55 1 40 GGUACT 54.90 1534 466
] 41 GUCGAC 7.08 5363 1501 453
] 42 GUGCALC 165 59.61 1675 47!
1 43 GUGGLIG 167 4884 1327 47,
4 GUGLCG 718 50.88% 1408 43
T T 45 L:i AUGA 431 +|.?U 1212 _:T.
m 46 UCCGGAp 179 5192 1423 0.1
o Ienees A5 8 o 1157 ”

hairpin loop bulge loop Internal loop multi loop  stacking System of linear equations

Circle: nucleotide,  Blue line: base pair interaction, Black line: phosphate backbone AGCG 3’A AG GC CG G5
AG(icgc ) = AG(5-y)+ AG(ye) + AG(cg) + AG(ge) + AG(¢ 3,)

Marco C Matthies, Ryan Krueger, Andrew E Torda, Max Ward, Differentiable partition function
calculation for RNA, Nucleic Acids Research, Volume 52, Issue 3, 9 February 2024, Page el4,

Experiments are costly and time consuming 20



Free-Energy Calculation of Ribonucleic Inosines
and Its Application to Nearest-Neighbor Parameters

H

N O--"H,N N NH;---O N O---H,N
- ﬂ N \ Q_{ 2 >_\/\ r/ﬁ 2 >_\// \ o e
ekl 1€ 1 U Y ) QL é/N ----- HN U — I=/NH----N C e NG =
N= )N N N N N sSRNA, =— dsRNA,
NH,~O0 R 0O R 0O R

|\/| D AG;sA—>B H ”AGésAeB M D

UV melting experiments AGg

sSRNA; —— dsRNA;

AG NN parameters mB S—
EQ Z E+§ ‘GC’ —X XX GC(:!J-AUG R
1c ' AAGpp = AGysp-p — AlGssp-p
AU| — = AGg — AG,
i v ‘IC‘_X'XX B A
MD simulations
@—»@ " Combination of MD and experiments
AAG can reduce the experimental costs
for parameter determination,

but still time consuming!

Identified energy parameters: Inosine & m°A

Sakuraba S et al., J. Chem. Theory Comput. 2020, 16, 9, 5923-5935. DOI: (10.1021/acs.jctc.0c00270) 21



Chemical probing for RNA 2D structure analysis

SHAPE-MaP

SHAPE modification Mutation counting

¢ Folded
» SHAPE adducts
i
v

Mutational profiling

' |

Adduct-induced
mutation

b 2D structure
SHAPE profile

(reactivity)

i’
Y

_|_ Known

Libr reparati d i
ary i ep-a ation an siquenc ng . I l H Ene rgy Parameters

Siegfried, N., Busan, S., Rice, G. et a/. RNA motif discovery by SHAPE and
mutational profiling (SHAPE-MaP). Nat Methods 11, 959-965 (2014). 22




Chemical probing for RNA 2D structure analysis

SHAPE-Map & 2D structure prediction
can be applied to RNA molecules containing modified bases.

However, we need Energy Parameters
for hypothetical modified RNAs in sequence design

Siegfried, N., Busan, S., Rice, G. et a/. RNA motif discovery by SHAPE and
mutational profiling (SHAPE-MaP). Nat Methods 11, 959-965 (2014).



Chemical probing for RNA 2D structure analysis

SHAPE-MaP Base-Pairing

) Probability

SHAPE modification M Utati on coun tl n g T ; _I

< Q Folded :_ = ;-_- ‘ - &
RNA . = = l_ - - o H

— = —
— = =2 ,
b SHAPE adducts _; - _l_ = :
I
Mutational profiling B

Adduct-induced
mutation

SHAPE profile

(reactivity)
+ Known

Libr reparati d nci
aryi ep.a ation an sinue cing . I l H Ene rgy Parameters

Siegfried, N., Busan, S., Rice, G. et a/. RNA motif discovery by SHAPE and
mutational profiling (SHAPE-MaP). Nat Methods 11, 959-965 (2014). 24




A method for estimating Energy Parameters of RNAs
by Differentiating Base-Pairing Probabilities

McCaskill Algorithm
e Calculated
BPPs

Derivative ﬁ

SHAPE-MaP
based BPPs

RNA sequences
containing moA

0z;; = Z 0ZinZhyrj + Z Zin 0Zpyq

i<h<j i<h<j

0z = —B 0f,(i,j) e Pl

£ D (02h, e PRI 1 2, (—B) 3£, (1, h, DePIRD)
ich<j-1h<I<j

+ Z (62{21,h—1 Z;;r,ljl—l e Pl + Z i h1 aZrle—l e B
i<h<j

+ Z0 pe1 Zh= (—P) Of; e7P%)

ozl = Z [(-Bafue™Pfe + azf}_ )z e P + (e Pfe 4+ Z%_,)0Z) e Pls
i<h<j
+ (e Bh + Z7h_)ZE (—B) dfsePTs]

azm = Z ((=B)3fye~Phazly + 3z}, e 1)

i<h<j

Yamamura K et al., in revision

Convergence in gradient decent optimization
of m6A stacking parameters

2501 —— 6G-CU
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—— 6U-GU
—— 6G-UU
—— BU-AU
—— 6A-UU

6U-6U
—— UG-C6

UC-G6
—— UG-U6
—— UU-G6

UU-A6
—— UA-U6
—— 66-UU
—— U6-U6

2001

1504

100 A

Absolute error [kcal/mol] (x100)

w
(=]
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0 5000 10000 15000 20000 25000 30000 35000 40000
Number of parameter updates
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RNA sequence design
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kaggle

Create

Home
Competitions
Datasets
Models
Code
Discussions
Learn

More

Your Work
VIEWED

OpenVaccine: COVI...

5“'

68

Public train (2,000)

Signal-to-noise filter

Predicting RNA degradation
Kaggle competition

Q_ search

OpenVaccine: COVID-19 mRNA Vaccine
Degradation Prediction

Urgent need to bring the COVID-19 vaccine to mass production

Overview Data Code Models Discussion Leaderboard Rules Team Submissions

Dataset Description

In this competition, you will be predicting the degradation rates at various locations along RNA sequence.

There are multiple ground truth values provided in the training data. While the submission format requires all 5 to be predicted, only
the following are scored: reactivity, deg_Mg_pH18,and deg_Mg_5ecC.

Files

» train.json - the training data
» test.json - the test set, without any columns associated with the ground truth.

= sample_submission.csv - a sample submission file in the correct format

Public test (400) Round Il
Private test (629)

Private test (1,172)

Signal-to-noise filter
Yes (2,218) No (520)  Yes (2,493)
==

2 TS
! In-line degradation

“deg_Mg_pH10”
0 (normalized)

P

102 nucleotides

Files
6273 files

Size
2,68 GB

Type
npy, csv, json

License
Subject to Competition

Kaggle Competitions provide an
open platform for everyone to
compete by applying solutions to
real-world problems.

The OpenVaccine competition
specifically aims to predict the
degradation rates of RNA
sequences to stabilize mRNA
vaccines.

Both the data and solutions from
this competition are valuable for
our RNA degradation prediction
tasks.

[1] https://www kaggle.com/competitions /stanford-covid-vaccine/overview
[2] Wayment-Steele H K, Kladwang W, Watkins A M, et al. Deep leamning
models for predicting RNA degradationvia dual crowdsourcing[J]. Nature
Machine Intelligence, 2022, 4(12): 1174-1184.
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Transformer Encoder Block

Predicting RNA degradation: Previous studies

RNAdegformer
R ° R
" e with
[ gl =
Irwis
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bl DELLLLLLIELET DL LI L] e :
. 1 1 m — o !
' - - | 4
- 1D Convolution 20 Corwolution ' I | H
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1 1 : ;
. Multiheaded , Attention e A - : : |
: Self-Attention Bias ] l omiorally i ;
: E %! : -
i [T - Transformer g1 -
m : el L S| | [ | L
; | v : . ﬁ : P E 1 nesding
- 1 ("I L Transformer
1 10 Deconvalution 2D Deconvolution ' Outpur £ - 9x | Encoder
- restores original size restores originai size . = i Tranguiar pdate | ! Block
[T nrorming !
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« One of best solution in OpenVaccine.

« Use base pair probability matrix, and distance matrix
on secondary structure to build better self attention of
RNA sequence.

He S, Gao B, Sabnis R, et al. RNAdegformer:
accurate prediction of mRNA degradation at
nucleotide resolution with deep learning[J].
Briefings in“Bioinformatics; 2023, 24(1): bbacb81.

e An improved version of RNAdegformer, but only trained for
reactivity data.

e After fine-tuning in OpenVaccine data, it becomes the most
accuracy method for degradation prediction.

He S, Huang R, Townley J, et al. Ribonanza: deep learning of RNA
structure through dual crowdsourcing[J]. bioRxiv, 2024: 2024.02.

24.581671.
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Our semi-supervised finetuning process

Finetune with state-of-the-art models: RibonanzaNet-Deg

Finetuning starts
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[1] He S, Huang R, Townley J, et al. Ribonanza: deep learning of RNA
structure through dual crowdsourcing[J]. bioRxiv, 2024: 2024.02.
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Predicting RNA degradation by deep learning
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Deep generative model of RNAs based on variational
autoencoder with context free grammar
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* G4 grammar (Dowell and Eddy, 2004, BMC bioinformatics, 5:71)
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Deep generative model of RNAs based on variational
autoencoder with context free grammar
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Aptazyme dataset Kobori et al. [2017].
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Aptazyme dataset Kobori et al. [2017].
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Fig. 4: Relationship between aptazyme and self-cleavage activity in latent space. (a) UMAP visualization of aptazymes in the latent

space generated by the RN Agg®ct model. The color scale indicates the self-cleavage activity of each aptazyme. (b) UMAP visualization

of aptazymes in the latent space generated by the nuc®°* model, with the same color scale as in (a). (c) Moran’s I for various methods,

showing how activity values cluster spatially. The x-axis represents k, which is the number of neighbors included in the calculation. (d)

Distributions of self-cleavage activity values for aptazymes generated from regions A and B, as highlighted in (a). (¢) Comparison of the

consensus secondary structures of aptazymes generated from regions A and B. Dashed boxes highlight common stem loops.



Remarks and discussion

* Artificial Neural Networks and DP algorithms of RNA are DIFFERENTIABLE

* Gradient decent optimization of parameters are applicable to:
e Artificial neural networks (i.e. deep learning)
« DP algorithms of stochastic/physical models (i.e. McCaskill algorithm for RNA)

* We can optimize parameters for computation/prediction systems:
e Energy parameters of RNA 2D structures (MDs: McCaskill)
« Degradation/Stability/Accessibility/Translation Efficiency (NNs)

* Gradient decent 1n inputs as a method for input design
« Sequences are discrete, but there are tricks to overcome the problem
 Possibility of combination of physical/stochastic models



Combination of physical/stochastic models and NN
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He S, Gao B, Sabnis R, et al. RNAdegformer:
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Briefings in Bioinformatics, 2023, 24(1): bbac581.



Combination of physical/stochastic models with LLM
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