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I love dynamic programming (on RNA)
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mRNA design

Dynamic Programming

CDSfold (2015) the most stable 2D structure
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Not only DP

Hidden Markov Models on Speech Recognition

DATA ‘ Features
Speech Waveform Spectrum
A -spectrum

E>-|\

Continuous speech recognition by HMM
Drastic improvement of recognition rate

using automatically labeled data

‘ Vector Quantlzatlun

Word model (HI\/IM)

also loved stochastic LANGUAGE models

Protein structure prediction by HMM (1991)

"Proteins are not statistics | " (by biologists) 1990 2D structure prediction
"Island model"

Features

2772 /J
@

aa sequences

4 20 amino amds

' '
| ARHLDEVKISLKDGTRVCHELISVL 1
| CHLDRWEKQLTACVMEHSKLIVW |
! GSHRKLFWLKKEFATGDRWEKQL |
1+ TAGGASQPLKIRVCHELISVLLKQE !

2D structure model (HMM)

Cp o O O Q 3 AAGCTTTACCGGATTACGACAGC | @
of E> 2 mer of aa Q Q O
___________________ oo @ (400 kinds)
HMM | Granmer Only 300 entries in PDB HMM (= Grammir
Continuous Corpus Too early to do 3D structure predik: known stru¢ture
Large training data ————_......_.. ’ lack of enough trainingdata.........__. %

Commemorative Symposium for 39t Int¢]

Genome DNA
Contig DNA

| ATTGCCGATCAGGTACCAGACGA 1
! CACGGAAAGCTTTACCGGATTAC
| GGGCCCCGATATATGCCTAATTT
| TAGGAAAGCTTTACCGGATTGCC
| GATCAGGTACCAGACGACACGGA
! AAGCTTTACCGGATTACGACAGC
| GGGAATAGCCAGATCGGATACGA

Hidden Markov Models on gene-finding (1996)

DP matching
P

b

Features
codon frequency

start/stop codon /,

i regulatory regions !

splicing signals ialready quantized

AC |

HMM

large training data

automatic learning-

markov models

(" di-codon HMM

spllce site HMM
! regulatory region HI\/IM
\_inter genic  HMM :

]

automatic learning???

for 39'" Intern

efore HMM

alignment
k-mer models

Now | want to use
Large Language Models

gene struction !
cDNA information:
(RNA-seq)




mRNA design

using deep generative models (including LLMs)

Pre-training by public database
(biological information archive)
Generative & predictive models

Design 1st stage mRNA
of the target protein
using in sifico design cycle

Using the result of Build & Test
Fine-tuning of the models
on the target protein

Deep generative
Model

transcription mRNA
stability sequence
translation

Performace
Predictive model

Biological information archive

mRNA
sequence

transcription
stability
translation

4 = AsssssEEsEEEEEES

mRNA
library
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N>

in vitro
trdnscription/stability _ translation

Experiments

Test

*
.
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Language models for mRNA design

Another type of
control/input

Combine [ Protein Ianguage] MNRIS
l l - model T TT) eee

b
[ RNA language model }

}

AUGAAACGCAUUAGCACCACCAUUACCA

CCACCAUCACCAUUACCACAGGUAACGG RNA
UGCGGGCUGA eee m sequence




I also love marginal probabilities

Rnase on probability
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Base-paring probability (BPP)

Sy

Adachi H et al., Biochimie, 93(7):1081-8(2011).

Probability of MFE structure
(the best)

1 - E(o,x)
P(o|x)= ex d
(o]x) P— 5
Some stable local structures
5.><1 07%

CentroidFold

Maximizes marginalized
accuracy measures (MEA)

In CentroidFold, any energy model
that can produce BPPs is applicable

Hamada M et al. Bioinformatics 25(4)4, 465-473 (2009).
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Probs of local structures are not necessarily small
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Fukunaga, T., Genome Biol 15, R16 (2014)
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Takizawa, H, BMC Bioinformatics 21, 210 (2020).



The 1dea born at Benasque 2018
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Marginalize RNA activity (e.e interaction)

QRNAstruct: a method for extracting secondary structural
features of RNA via regression with biological activity

909 = E,lf(x,0)] = ) p(l0f (x,0)

Activity of RNA sequence x

probability of 2D structure o
When the 2D structure is o

given a sequence x

UCUUAAUCAUGCACAUAAGGAGGIUACCAUARUGINNNNNNNNNNNNNNNNNNNNNNNNNNN

A

4
o -0.025
=
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w

-30 -24 -18 -12 -6 0 6 12 18 24

NNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNN

L:bp-left

R:bp-right
H:hairpin
B:bulge
I:internal
E:external

E IBHRL

internal loop

Terai G, Asai K, Nucleic Acids Res. .50:13 €73 (2022).



Marginalized activity by thermodynamic fluctuation

Benasque 2018 model
9(x) = E;[f (x,0)] = X p(alx)f (x,0)

X . sequence, o :structure
f(x,0) : activity function of x and ¢

(depends to the sequence and the structure)

Linear model for activity function f (x, o)

fix,0) =w" - ¢(x,0)
w : weights vector for features
¢(x,0) : feature vector

g(x) = E;[w" - p(x,0) |
=w!' - E;[¢p(x,0) | =w" - ¢y (x)
by (x) = E;[¢p(x,0) ] : marginalized feature

Feature vector of marginalized kernel

HMM: Tsuda K, Kin T, Asai, K, Bioinformatics 18 Suppl 1:5268-75 (2002)
RNA-SCFG: Kin T, Tsuda K, Asai K, Genome Informatics 13, 112-122 (2002)

Marginalized Kernel of HMM

m m m D
logp(z,h|A,E) =Y Y Nfj(h)logaii+ Y Y Nfy(x,h)logesq

i=1 j=1 RS
¢(z,h) ={N* N} "I palp) g
. . E [Nf,d]Z@ i fr,ibei
Marginalized Kernel of SCFG el
logp(z,h|T, E) = ZZka(h log t;, k|z+ZZNfd z,h)loge; 4
=1 j=1 1=1 d=1

Marginalized Kernel of 2D structure distribution

P(olz) = 5y eopl-B(w,0)/RT]
log P(c|z) = > Ne(z,0)E(LPPe) —log Z(x)
£e{types of loops}
1
E[N¢] = 6E(L2ype) Olog Z(x)



Marginalized activity by thermodynamic fluctuation

Benasque 2018 model Marg|na||zed Kel’l”le| Of HMM
a2 — n m__m m D

g(x) = E;[f D Ny, h) log e a
x-sequl Derjvative of partition function is very important T m = S et
fx,0): T
(depend F - : = ey 2,

or relationship between Transformer and Kernel methods,
Transformers as Support Vector Machines -y N (2. B) log 6.
Linear model fO] Davoud Ataee Tarzanagh, Yingcong Li, Christos Thrampoulidis, Samet Oymak ki ; ; z’d(m’ )log Fhd

flx,0) =w https://arxiv.org/abs/2308.16898 (2023)
w . Weigg CL . .
52,0 : oreereroneen /éture distribution

_ T . 1
9(x) = Esw" - d(x,a) | P(olz) = - — expl~E(z,0)/RT]
=w' - Eg[p(x,0) ] =w" - ppy(x) Z(z)
du(x) = Eg[¢(x,0) ] : marginalized feature log P(o|z) = Z N¢(z, a)E(Lzype) — log Z(x)
| | £e{types of loops}
Feature vector of marginalized kernel 1
| | o | | E[N¢] = e 0108 Z(x)
HMM: Tsuda K, Kin T, Asai, K, Bioinformatics 18 Suppl 1:5268-75 (2002) 8E( ¢ )
RNA-SCFG: Kin T, Tsuda K, Asai K, Genome Informatics 13, 112-122 (2002)

10


https://arxiv.org/abs/2308.16898

A prediction system with parameters

Input (data) Computation Output (prediction)

X y=f(x[0)
fC-10)

Parameter



Optimizing parameters of prediction systems

Input (data) Computation Output (prediction)
X y = f(x|6)
fC-10)
Parameter
Gradient decent on parameters Loss function

oL L(y,7)

g(t+1) 9t) _ p= =
MY



Optimizing parameters of prediction systems

Input (data) Computation Output (prediction)
X y = f(x]6)
fC-16)
Parameter
Gradient decent on parameters Loss function
oL Ly, 9)
git+1) . gty _  OF ,
T 50
it Ly, 7) =@ —9)*
oL oL 0Of(z,0) Carn

_ 0
89:%



Optimizing parameters of prediction systems

Input (data)
X

Computation

fC-10)

Parameter
Gradient decent on parameters

oL
g(t+1) 9t) _ ==
T T o

Artificial neural networks

(t+1)
W . — W, N
st 7 Gy,

¢ 0L

Output (prediction)

y=f(x[0)

14



Optimizing parameters of prediction systems

Input (data)
X

@ck-propagation \

oo 0L 94 da; ™t oL
§ — - N
aa; - 8a§ 8z§ 80,7];
1 1
=h'(a}) Y wiltept
k .
5L — oL _ OL(Y —y)
7 Qak o1

oL oL B} oL .,

621

— — A
a,,,T r r r~i 7%
\dwﬁ- da’ Ow?;,  Oa /

Computation

fC:

0)

Parameter
Gradient decent on parameters

oL
g(t+1) 9t) _ ==
T T o

Artificial neural networks

(t+1)
W .. — W, n
Jt J? 8’(1)]'2'

¢ 0L

Output (prediction)

y=f(x[0)
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Optimizing input of prediction systems

Input (data) Computation Output (prediction)
X y = f(x]6)
. fC-16)
DGSlgn Problem Parameter
Gradient decent on parameters Gradient decent on inputs
oL t+1 t 0L
(t+1) t) 9~ 2t L) T

Fixing parameters already optimized

16



Optimizing input of prediction systems

Input (data)
X

Design Problem

o _ oc 0a}

Computation

fC-10)

Parameter

Back-propagation

=35
J

§ : 1 § : 1 1
)

)

/

N

h/

82" dal*! AL )
Z@a z 3&2“

Z wz—l—lér—l—l

)

Output (prediction)

= f(x]6)

Gradient decent on inputs

oL

2t (1) _ n—
ozx
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Optimizing input of prediction systems

Input (data) Computation Output (prediction)

X y = f(x|6)

. fC-10)
DGSlgn Problem Parameter
Back-propagation Gradient decent on inputs
oL AL Oa;j 1 oL
5n. = Bal 7m. = 2 010s Do wyim =D 6w, ) — 2 — o=
(0L 05 00t oL )

<

daj — 4~ a0z day"! Inputs are not differentiable
in biological sequence design
=K (af) ) wipf'et!
k

N /

18



Optimizing input of prediction systems

Input (data)

1-hot vectors? X

ATCCIGIATCTAA
a 1000/0]100011
c 0011[0001000
g 0000{1010000
t 01000000100

ar oL 80,
ox; 80,1 8:1:

You can treat 1-hot vectors
as if real valued vectors

=29
J

Back-propagation

Lz 1.
O, D wjiwi = ), 6jwj;
i

Computation

fC:

Parameter

J

< )

N

0

CL

_h’

82" daT+l oL )

8&77 3277

Z wT‘+157“‘|'1

r+1
da,,

J

Output (prediction)

= f(x]6)

Gradient decent on

LD (1)

inputs

_ oL
7733:
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Optimizing input of prediction systems

Design Problem

Input (data) Computation Output (prediction)
X y = f(x]6)
fC-16)
a 02 03 06 01 02 07 0.1 Parameter

C 01 05 01 04 06 0.1 05

§ 0401 0103 01 01 02 Gradient decent on inputs
t 03 01 02 00 01 0.1 02

Sequence profile? oL
‘ _ Back-propagation (if NN) ox
sampling
ACCGTAG
ACGGAAG

AGCGTCG

20



Upstream NN 1includes information covariation ?

Arbitrary Loss
Function

» Differentiable
Folding

Partition Function

35uanbag yYNY snonunuo)

Figure 3: An overview of our method to train a generative model that produces probabilistic sequences that minimize a
continuous loss function based on the partition function. We overparameterize the optimization problem by training
a generative network to produce a sequence distribution that minimize the objective function. Once trained, discrete
sequences can be sampled from the predicted sequence distribution.

Ryan Krueger and Max Ward
Scalable Differentiable Folding for mRNA Design

https://www.biorxiv.org/content/10.1101/2024.05.29.594436v1.full.pdf 51



Optimizing input of prediction systems

Design Problem

Input (data) Computation Output (prediction)
X y = f(x]0)
fC-16)
Parameter

Generative models
HMM, SCFG, ---.

Gradient decent on inputs

£t g _ 95
Back-propagation (if NN) ox

22



Iterations of Neural Network and HMM

Neural Network

r r—1
a’_Ew]zz

Same shape of formula,

substituting h(x)=x

thl t

wjz- = Q€5 (a:t)

a

ﬂ eﬂi(a)

g
{} ex, (b

@ Aij

HMM

Total probability of the sequence x

calculated by forward algorithm

<

Termination:

Initialization:
fo=1,
Iteration:

f2 =03 #0)

fort=0,...,7—1
ST =) flaijei (@)

=> fF
J
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[terations of neural network and HMM

a g
y) = exp 0;y; — ¢(9)} Canonical form of
" {ZL: exponential family ﬂ er,(a) ﬂ er; (b)

p(m|z) = exp {anj log wg’z - logp(x)} HMM posterior probability @ a;;

ijt (conditional probability)

lifm_y=7and 7 =3 HMM

t _
Mij = { 0 otherwise

Using this general property of exponential family, t“ Zfz aije;(Ti41)
00; ‘
‘ t __ t—1, .t _
¢, _ Ologp(z) fj = Z fi W4 wj; = aijej(ze)
Blni;] = 0log wt, ¢
Jji
_ Ologp(z) Owj; Ip(x) on(z Op(z) fH
~ Op(x) Ologwy; owl 0 = g](m;) Z 32;(+1 ofr Z‘Stﬂwgl
1, Op(x) O ]
_ ot Y5
(x)w” off ow; Backward algorithm of HMM is a backpropagation of forward algorithm
_ 1 wt 8t ft Jason Eisner. Inside-Outside and Forward-Backward Algorithms Are Just Backprop
p(z) 9% (tutorial paper). In Proceedings of the Workshop on Structured Prediction for NLP,
pages 1-17
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EM algorithm

Optimize parameter 6 of joint probability

p(x, )
of observable x and unobservable

E step: p(r|z,8®) is calculated p(m|z) = exp {Z;"ﬁj log wj; — logp(x)}
A ~ 1]
M stepAH(t+1) = argmax,Q(6]0®)) is calculated Eint,] = %w%ﬁfﬁ
Q016") = E, s, log p(, z|0) o

How about gradient descent?
7= ¥ Sk

dp(z) _ Op(z) Of;
owl;, — Off owl;

Jjt

= &) ff

EFNERAE
No, but you can backpropagate at least.

E12.2 EFNEREL T7— 5 SR (123 EM 7ML T) X4,
HAE— BR&MOFERH. HEERIFRIM (2014)
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Combining generative model to NN

RaptGen for RNA aptamer

SELEX

]

High-throughput
sequencing data

Decoder

Motif-dependent embedding

sequence: x = acgguaucga ... ....

i

1-hot vector of x =

1000010001 ...
0100000100 ...
0011000010 ...
0000101000 ...

I/\E

Reconstructed profile HMM

28,

Generative
Model

d

Sequence truncation by model shortening

lwano, N., Adachi, T., Aoki, K. et a/. Generative aptamer discovery
using RaptGen. Nat Comput Sci 2, 378-386 (2022).

A 4

Neural Network

\ 4

[ parameters, aj; e{ (c) }

Generative Model (HMM)

|
forward algorithm

v

Connecting the output of NN to parameters of HMM
you can further backpropagate on NN.

oL

=
awﬁ

87 =h(a)) Y wirtat
k

— sr r—1
=05z

o0(e) _ opla) Off _
ow?; Gf; 8w§-i e

Op(x) t+1, t+1
ot = — ) wy
J afjt Zk: k kj

backpropagation
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Combining generative model to NN

RaptGen for RNA aptamer

-]
(-

SELEX Motif-dependent embedding
CAGAU-g 2
a\®/a "
-4

=nl-
=i
| ox
2l

C
,!
-

|
i
_—_—
—
i >

High-throughput
sequencing data <

z |=_

Activity-guided mutagenesis

Next location

Decoder

/{—J

SCFG for RNA sequence/2D structure
McCaskill/Inside algorithm

Generative J
Model

lwano, N., Adachi, T., Aoki, K. et a/. Generative aptamer discovery
using RaptGen. Nat Comput Sci 2, 378-386 (2022).

Connecting the output of NN to parameters of HMM
you can further backpropagate on NN.

sequence: x = acgguaucga ... ....

1000010001 ...

1-hot vector of x = ootioonoto

0000101000 ...

A 4

Neural Network

\ 4

— sr r—1
. 6jzi

VK

r — AT r+1cr+1

53’ —h(aj)Zwkj oy,
k

[ parameters,[ P(4 > BO) . ]

Generative Model (SCFG)

3G(A — B C) += BB[AF|8[B!]B[CH]
3B[B]] += G(A — B C)dp[A¥]B[CH]
3BICY] += G(A — B C)B[B13p[A}]

|
inside algorithm

v

backpropagation
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Input

GAAC

g C

a
a

Alignment (parse tree)
on CM

Alignment on CM

1
Rule 2

4
Rule 3

r

Rule 10

Ao OC)

n Rule 1193

Rule 12

Feature
map

RfamGen

RfamGen

Latent
space

Reconstructed
feature map

Sequence and/or
structure similarities Activity

Disassembly of an alignment

(1) Rule 2 at state 1

(2) Rule 3 and emit ‘g (, c)’ at state 4
(3) Rule 10 and emit ‘a . * at state 8
(4) Rule 11 and emit ‘a . * at state 10

(5) Rule 12 and at state 13

Sumi, S., Hamada, M. & Saito, H. Deep generative design of RNA family

Reconstructed
alignments

Predicti

Generation

GAAC
GAAAC
GAUC
GAAUC
GAAC

Sequences

Semantics

on

§ Rule 1
2 Rule 2
C

2 Rule 3
[

ko :

IS H

8 Rule 10
S Rulem
s Rule 12
< .

O Emitg(,c)
=

2  Emita.
S .
[ H

Feature map of an alignment

—~

Cleaved rate

~

1 e 4 een

~

1.0

0.8 1|/~

0.6
0.4

0.2 A

"'\

8 .-+ 10 ---

State index

sequences. Nat Methods 21, 435-443 (2024)

Validation

0 10 20 30 40 50 60
Time (min)
RNA pool and
massively parallel assay
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Inverse Folding, BPP as the target

1. 2D structure as the target
Derivative of max operation is necessary (both in MFE and MEA).

Sum of the probabilities of similar structures are ignored.
2. BPP as the target

McCaskill algorithm is naturally differentiable( by the loss or parameters)

However, differentiation of McCaskill by the sequence, is not easy

Base pair probability matrix (bppm) Loss function
I L= |bppm — o |?

Ius

sequence X McCaskill with

A 01 01.. 08 differentiable canpair(a,b)
U 08 06 00 :

G 01 02.. 01 ,
C 00 01.. 0.1 Using

exp transformation

a 04

2 0

V.S. = loo
°

target secondary structure o
l (binary matri) |

VyL Vippml



Design of RNA with modified bases

* Modified RNA may have preferrable features.

* Design of RNA sequence with modified bases
« 2D structure control in design requires de novo prediction
although there are methods for 2D prediction using SHAPE data.
« Determination of energy parameters of modified bases is desired.

* For determination of RNA energy parameters including modified bases
 Energy parameters of Inosine and m6A have been determined by combination of
absorbance measure measurement of small number of pairs of complementary sequences
and molecular dynamics (MD) calculation

30



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

CGAAUAC ——
L
A GCUUAUG AG .. .
NP N NHz+0 N0 HN A dsRNA
RN@NH...N@ Ry #: AT ““""“;(_:N\‘ ssRNA, <—= dsRNA,
NH,~O0 R 0 R o R
B UV melting experiments AG;SA—)B Il IAG(;SA—)B
AG NN parameters AGE
g2+ ssSRNA, ——> dsRNA,

GC| —
5 =x.xx B <
AU| — YTV R
MD simulations |IC‘ =X.XX CalAUNE CGIAUAC
+ GCCUAUG
EQ Eé I GCCUAUG E—
+

AAG ° ° °
AAGpg = AGgspp — AGggasp
= AGg — AG,,

Sakuraba S et al., J. Chem. Theory Comput. 2020, 16, 9, 5923-5935. DOI: (10.1021/acs.jctc.0000%70)



Design of RNA with modified bases

* Modified RNA may have preferrable features.

* Design of RNA sequence with modified bases
« 2D structure control in design requires de novo prediction
although there are methods for 2D prediction using SHAPE data.
« Determination of energy parameters of modified bases is desired.

* For determination of RNA energy parameters including modified bases
 Energy parameters of Inosine and m6A have been determined by combination of
absorbance measure measurement of small number of pairs of complementary sequences
and molecular dynamics calculation

« Gradient decent by differentiation of BPPs by energy parameters
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Single strand base ratio

0.9

o
®

o
~

o
o

o
“«

0.4 -

Chemical probing data and base-pairs

High reactivities correspond to fee bases well,
but low reactivities do not necessarily mean base-paired.

Pseudo-free energy fits well to this observation.
AGiotal = AGthermodynamic + AGsyapE
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Upstream NN 1includes information covariation ?

Arbitrary Loss
Function

» Differentiable
Folding

Partition Function
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Figure 3: An overview of our method to train a generative model that produces probabilistic sequences that minimize a
continuous loss function based on the partition function. We overparameterize the optimization problem by training
a generative network to produce a sequence distribution that minimize the objective function. Once trained, discrete
sequences can be sampled from the predicted sequence distribution.

Ryan Krueger and Max Ward
Scalable Differentiable Folding for mRNA Design

https://www.biorxiv.org/content/10.1101/2024.05.29.594436v1.full.pdf a4



Concluding Remarks

* Derivative by parameters may give a gradient descent optimization
 Energy parameters of modified bases may be determined using SHAPE data.
« Derivative by inputs may solve the input design problem.

* In RNA sequence design, optimizing discrete sequences require tricks.
« VAE, LLM, sequence profile, HMM/SCFG(CM)
« Differentiable partition function is a great help for further research.

* Modeling position dependency 1n probability distribution 1s one of the problems to be
solved 1n applications of differential partition function.

* Theoretical note
« Forward-backward/Inside-outside correspond to backpropagation in NN.
« Attention in Transformer is not ad-hoc innovation, but related to SVM.
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