Motif-Based RNA Secondary Structure 1 & - | &
Prediction Using Quantum Computing Quantum "nnovation Center - Physics and Astronomy

University of Missouri University of Missouri
Risi Livanage | SichengZhang | Shi-Jie Chen Constraint preserving Mixer

Abstract

Excellent |Ideal performance — Excessive depth in hardware mapping

Computational workflow

Offline Model for pairwise A _ B _
| | motif probability prediction Ground-State Sampling Top-5 Low-Energy Enrichment
. . Classical Preprocessing 0.30 - - : 279
At thermal equilibrium, RNA molecules populate an [ A ceqonee ]< - ~ | - vl sutepcs .
ensemble of structures rather than adopting a single 5| Classically foded RNA 0.25{ 024 025 )
* - raining corpus « 10° -
conformation.  Consequently, = RNA  structure vioicoons g ) o 5 .
prediction can be formulated as sampling from the <7 = -
. . . . o > _ ) e i c
Boltzmann distribution of possible conformations Generate loop motif basis g 015+ 0.14 Z = e
rather than as a deterministic search for the single zc{0,1},z; — i | N £ S 10 7.3
Mminimum-free-energy structure. The RNA folding Train and freeze of | 0.06 T 3.0 3.7
alrwise probabillit _ 1 23
problem therefore maps naturally on to JL Pl predicting weighted 0.05 - | 17
truly probabilistic sampling methods In quantum arget marginals - Py and Graph Neural Network . ey
com puting. Howeve r, this oF rad]g M IS hindered by predicted pai}gWEtf probabilities Mol. 1 Mol. 2 Mol. 3 Mol. 4 Mol. 5 Mol. 1 Mol. 2 Mol. 3 Mol. 4 Mol. 5
current gquantum computers, particularly S o - B 80 — T00% top 5 recall @ 20 for ideal simulator. However, when the noise Is
their imited number of qubits, which Entropy model to get final Ising introduced, the high gate demand due to MCRX gate decomposition causes
restricts representational resolution and may impede Hamiltonian Weights ; hi, Ji; )\ sighal suppression. The valid substate sampling is limited to 1x - 3.5x with
accurate prediction. We hypothesize that loop motifs — Sa”‘EW respect to the baseline valid fraction.
IN RNA structures provide a novel representation of .
Quantum cost hamiltonian : H, = X;h;x; + X5 j.j¢cJi; i@ pe n a I I Zed - Q U BO - QAOA
?ﬁ.SISfand V\lntth \\ Single objectives optimize either feasibility or energy ; staged method is balanced
IS formulation,
can S|g N Iﬂca ntly Quantum evolution : |7,Dz'(’}’, 5)) _ 1—[z Um(ﬁi)Uc(’Yi”?.bO) ; Uc(%') _ eXp—z'%-Hc Normalized Method Performance 1 O;;:
(7))
q . ’ Graph colored Mixer Relies on the standard X mixer for evolution % Expected QUBO energy - 11 327 62 859 19.954 0.608 Cqﬂ,
the use Of |O Confiict oramn and cost hamiltonian is updated with a penalty & ' ' | ' 0.6 |
. . ontiict gra .- term.
o Mmotif basis has the & . A-U Ge=V,0)NE =j:(4) €C U (B) = exp?? i Xi S Conditional feasible mean JENEIYENE 56.535 62.000 =
uniaue advantaage of C-G c Partial mixer :- H,=H.+ %, ;jccPx;x; "ﬁ 0 <
que ge of G . c G B ZSXngeN@J)JO? (053 — = Ascending CVaR | okt 53.732 16.379 0.615 60.000 "5
descrl bl ng |OCa|’ d IStI nct G . c i {Z} U (Z) Staged optimization scheme ‘g- ‘3
Miéer-OVE(r%?p ]%rar;h - CF)ixgd _CVaF; FeasLbilti)t_yl/_ opt;:mizaticl)_n : o Fixed feasible CVaR -  9.813 55.429 17.548 0.612 029
. . . o . B M = v M), ptimizes the pro g.l.ltyo sampling N
helical  discontinuities and allowing broader A ‘éf;ﬁ’c;lf;rf; Sk = rom e eas bl sbace Fixed penalized CVaR - 7.911 54.461 17.918 0.609 =
competing structures for globally viable RNA folds. ey o 12 L N4 / - o . ;005
= 2 :cl1) = Feasible mean energy optimization : ing Yo ing o _10% %o a ; O
_ | (;ommu ting layer Energy optimization (?fythg full feasible G ound state 522\;):\;\)?3 state 53‘:\3\_\2‘?6“9\/ (loP /\:Oeas'\b\e eﬂf;ng 2“0 und siate beind m 4
o o Hy,l =3 .. Bi; subspace Ra
Key Contributions Bi Bl — Gvih e K
. . , — Adaptive |o}éergy CVaR Postprocessing recovers valid sampling while keeping the learned low energy bias
* Novel motif basis that reduces the Qubit [ Syt M optimization : Concentrates the
requ irement. m = I1ioy exp™ prObab"'tirzg‘?‘gj ;’Jgg%;i:s'b'e’ low- o Lgvgt-ali::;gy I_Signal from Ideal _Srimulation to Hardware
round- mpling op-5 Low-Energy Sampling
« Utilization of true co-occurrence probabillities in the N N '
|Si ng Ham ltonian couy p||ng term. Ideal and N_ois;lx (tIBI\/I_Fezllnoise profile) Idseirilh|§?;?;§1|5||\g_|\f eéenz":]saer dpvgr”:) o
sSimuiator sampiing. — ]
. . . . . sampling.
 Multi-staged optimization rocedure targetin - - i
LS g : . p p g g Sampling only from the feasible space. Sampling from the full Hilbert space.
specific objectives. 2
/

REFERENCES k//////

Classical postprocessing

Molecule
Mol.

N 1
[1] Alevras et al., IEEE QCE, 2024. 10.1109/QCE60285.2024.00064 _ _ _ _ — — 10°- \ / —e— Mol. 2
To recover the feasible space in the noisy hardware sampling output we use a feasibility-conditioned ] | , —e— Mol 3
[2] Kumar et al.. IEEE QCE 2025. 10 "09/QCE65121 2025.00254% Bayesian bit-flip decoder that probabilistically redistributes measured counts among feasible latent | | . Mol. 4
o ' ’ ’ | ’ states within one or two bit flips based on the pre-calibrated readout errors of the IBM hardware. 10_1 | Mol: 5

[3] Alevras et al., IEEE QCE, 2025. 10.1109/QCE65121.2025.00255

— ] >~.1O:~
= = _
o) ' o) Z
© - ©

o 3 _
o o

S 10°.- S \
) f o -
IE ] .E

o j a

& | e

S S

(/5] ] (/5]

P(zly;z ¢ C) = o

Zz*ﬁC;dH(y,z*)<r P(y|z*)7r(z*)

Ideal Noisy Raw +1-bit +2-bit Ideal Noisy Raw +1-bit +2-bit
simulator hardware recovery recovery simulator hardware recovery recovery

[4] Fox et al.,, PLOS Comput. Biol., 2022, 18:e1010032.




	Slide 1

