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Table 1 Statistical information of the three datasets

Dataset RNA families Sequence length Sample n
RNAStralign 8 30 - 600 nt 18 554
Archivell 8 28 - 593 nt 1860
bpRNA-new 1500 33 - 489 nt 5388
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Fig. 1 The proposed RMDfold model

The input is a 4xL one-hot encoded RNA sequence,

dimension of the feature vector for each nucleotide in the one-dimensional stage,

the two-dimensional stage.

and the output is an LxL symmetric contact matrix, L is the sequence length, N is the

and M is the dimension of the feature vector for each nucleotide in

Table 2 RMDfold algorithm

RMDfold algorithm

Input: training dataset D= { (x,, y,),

1. fori=1, ..,

(T 0 P C T GO
Steps:
% Obtaining RNA sequence encodings from dataset D
2. F%,=ConvlD (x));
3.F|,=DenselD (F9);

4. F} =resMamba (F|);

5. 1=matmul (ConviD (F}), ConvID(FZ,)"); % Obtaining LxL mapping matrix

6.1

symmetric

7.1

final

=(L+1")/2; % Obtaining symmetric mapping matrix

=1

prior

ymmetic T % Integrating prior matrix
8. Fyy=Conv2D (I s
9. Fy, =Dense2D (F);
10. F3,=resMamba (F});

11.L=Conv2D (ReLU (F3) ): % Obtaining LxL contact matrix

12. Lsymmelriu

14. Y = postprocessing (L

Output:

=(L+ L")/

% Obtaining symmetric contact matrix
13. end

); % Finding the maximum activation in each row and column to

symmetric” *

ensure unique pairings

the final RNA secondary structure contact matrix Y.
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Fig. 2 Analysis of differences in dataset distribution

(a) Training set and internal test set,

set and cross-family test set. MDD: maximum mean discrepancy.

2.2 HRERSCIE

%3 B /R AL 7E RNAStralign 50848 I8 il
SEERAAE I, MBEBREBIHET, RMDfold Tl ke
% . RMDfold % A () FI & 0.973 5, Bk — 4k
resMamba L), F1FE{50.009 8; FHFR —4EHE#E
REHLES, FIFEAK0.095 2; FERR — 4 s AT Al —
4k resMamba fHL), F1REA£0.129 9,

WE 3R, B Yk AR B sl resMamba
FEHR I A P51 (200~600 nt) AUHERTR T
K% . RMDfold 7£ 6 ™/ [a] 1< B DX [i] F50l 1) °F- 34 F 1

(b) training set and in-family test set,

(¢) training set and cross-family test set, (d) in-family test

$70.993 8. 0.989 0, 0.8158. 0.849 4. 0.880 8 Al
0.928 7, BBk b BIRIHAT, F1 40k 0.021
6. 0.017 3. 0.522 4. 0.564 4. 0.595 4 10.621 4;
% B resMamba #1 H Bf , F1 43 5 [ A% 0.002 8.
0.001 3, 0.097 0, 0.101 3, 0.081 9 F10.043 4, It
Ak, ¥ Mamba F-4734 5 CNN BY Transformer 2%
RSP HI BN GE J7 . B4y CNNINF, F1 53 51| FEAR
0.004 2. 0.002 4. 0.112 5. 0.114 1. 0.072 3.
0.025 6; 44 Transformer 5, 7£ 100~200 nt f4)F
HiH FLEER T 0.000 3, HAFFHIIX ] F1 43 3R



XXXX; XX (XX) #BFiM, Z. RMDfold: E T ZEMambailZ & iE /IR B iHRNA — R ETN 7% <7

0.002 7. 0.008 1. 0.014 5, 0.011 3A10.011 0. &  =0.00).
FVEOOTAIRRY], BRI MEREE R R (P

Table 3 Results of the model ablation experiments

Model precision recall Fl mcc
RMDfold 0.9756 0.9723 0.973 5 0.973 1
w/0 2D resMamba module 0.986 4 0.9510 0.963 7 0.965 7
w/0 2D modeling module 0.8721 0.878 3 0.873 7 0.874 0
w/0 2D modeling and 1D resMamba modules 0.846 4 0.844 1 0.843 6 0.843 9
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Fig. 3 Visualization of prediction metrics for different average sequence lengths ranges
(a) F1, (b) MCC, (c) precision, (d) recall. RMDfold (1D): removed 2D modeling module; Dfold: removed resMamba
module; ResDfold: parallel replacement of Mamba with CNN; RTDfold: parallel replacement of Mamba with Transformer; RMDfold: the

proposed model.

2.3 RNAStralignZ{#& &7 Table 4 Comparison of the performance of different
2.3.1 RNAZEHTHIM methods on the RNAStralign dataset

F 48, RMDfold BRI B FI 5 MCC £ Model precision recall Fl mcc
—‘[% , ﬁ%u ik @J 0.973 5 F10.973 1 , BoRH E % E/‘J Ufold 0.968 7 0.973 2 0.970 3 0.9385
A BN, PSR T e oo
AT F1 MCC. precision H rercall 53 L, sincfold 0.982 5 0.957 7 0.967 1 0.968 5

’E‘: EF‘ ’ RMDfold H’\Jﬁéjiﬁfﬁﬁﬂ\j% EF‘ ’ ng/l\# RMDfold 09756 09723 09735 09731
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HTEE RN, BRI EREE (AP B, HB MR 2.886 7 M. HEIEEE 4 0.026
=0.00) .
2.3.2 PRV IR ST
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Fig. 4 Visualization of prediction metrics of different methods on the RNAStralign dataset

(a) F1, (b) MCC,

Table 5 Parameters and inference time on the RNAS-

tralign test set

Model Parameters/M Time per seq/s
Ufold 8.6413 0.1249
REDfold 39716 0.1239
TransUfold 29.654 0 0.099 8
sincfold 9.6915 0.098 0
RMDfold 2.886 7 0.026 0
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R T sincfold, B PR AT 45 R R, AU P
ez E (¥4 P=0.00).

Table 6 Comparison of the performance of different
methods on the Archivell dataset
Model precision recall Fl Mmcc
Ufold 0.8470 0.8393 0.8393 0.691 5
REDfold 0.854 5 0.8519 0.849 6 0.850 7
TransUfold 0.8156 0.830 6 0.819 8 0.6215
sincfold 0.908 0 0.7915 0.8277 0.8359
RMDfold 0.874 7 0.846 2 0.854 3 0.8556

nt), RMDfold 7£ 200~600 nt [X. [&] B f3 £ T A 45
A fER K IX E] (0~100 nt, 100~200 nt) ,
RMDfold 1 % ¥ FI. MCC Fl recall 1L & T
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Fig. 5 Visualization of prediction metrics of different methods on the Archivell dataset
(a) F1, (b) MCC, (c) precision, (d) recall.

REDfold, 437l % : (0.896 7, 0.896 5, 0.886 0) Wik, HWILKRREWE R 5, £ RN,
fil (0914 6, 0916 7, 0.904 8); FEFF KX [H]  RMDfold Y25 F Fi v S8 AR T Hofb vk, S
(200~300 nt, 300~400 nt, 400~500 nt, 500~600  HAEFKEEXERMEE, HAESNERR,
nt), RMDfold fJ°F3 FI. MCC Ml recall 5, 43 2.4.3 REEHI

Ak (0.726 3, 0.729 3, 0.706 0), (0.769 7, 2.5 EEREEHEERM

0.770 8, 0.7632), (0.7229, 0.7243, 0.7426) Fl W2 8 firzc, RMDfold 7515 S i T &k 7 Hy B
(0.5829, 0.5872, 0.628 8); fE6MKEXEIEY)  FMy45 R, FI A MCC 45354 0.382 8 #10.401 5,
presicion (X F sincfold, 435> 0.924 3, 0.9357, {H recall {% T REDfold F TransUfold

0.760 4, 0.7821, 0.7102, 0.556 0, BEVESITER 2.6 T ZRKEHMITEER

WIB% F17E 500~600 nt 1 B2 X [E] 71, 34 B A i 24k WE 7 frs, RMDfold 78253045 F4 ANl ML AL fif
25 (P=0.00) . 7F 500~600 nt X [H] N PN FEXT G-U #3800 45 ey B 3 00 o o 2%
0.092 4, Xu[figh FiZIX A N 36, ZHEAR  RMDfold 7£ #iill AE016830.1_3 201 675 FEAR 22

R7 BUR, X5EEH4805% & B HRNAR FIFNE, RMDfold4REREE, FIFIMCCH 31i%%)0.741 4700.743 3,

Table 7 Comparison of the performance of different methods on pseudoknot

Model precision recall Fl mcc
Ufold 0.704 8 0.663 0 0.679 3 0.3725
REDfold 0.7102 0.681 2 0.691 8 0.693 3
TransUfold 0.667 3 0.642 1 0.6513 0.2850
sincfold 0.838 3 0.595 4 0.677 0 0.695 0

RMDfold 0.752'5 0.739 6 0.741 4 0.743 3
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Fig. 6 Visualization of prediction metrics of different methods across different mean sequence lengths ranges

(a) F1, (b) MCC,

(c) precision,

(d) recall.

Table 8 Performance of different methods on the bprna—new dataset

Model precision recall Fl mcc

Ufold 0.427 4 0.2872 0.3257 0.052
REDfold 0.4333 0.352 8 0.374 4 0.3799
TransUfold 0.3114 0.3206 0.309 4 -0.2257
sincfold 0.466 1 0.203 2 0.264 8 0.2933
RMDfold 0.536 5 0.3187 0.382 8 0.401 5
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Fig.7 Secondary structure comparison for sample AE016830.1_3 201 675
(a) Ground truth, (b) RMDfold FI =0.9772, (c¢) REDfold=0.8607, (d) sincfold=0.6764, (e) TransUfold=0.4250, (f)
Ufold=0.392 9.

Fig. 8 Secondary structure comparison for sample Prev.rumi._ TRW-264731
(a) Ground truth, (b) RMDfold= 0.967 7, (c¢) REDfold= 0.874 4, (d) sincfold= 0.790 9, (e) TransUfold= 0.840 7, (f)
Ufold =0.779 2.
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Abstract Objective Non-coding RNA (ncRNA) plays a crucial regulatory role in various biological processes.
Numerous studies have shown that the functions of ncRNAs depend not only on their nucleotide sequences but
also closely on their spatial conformations, particularly their secondary structures. Traditional methods for
predicting RNA secondary structures often have low accuracy, usually around 50 to 70 percent, and their
performance further declines when dealing with complex structures or long sequences. Although deep learning
methods have improved prediction performance to some extent, they still face challenges such as high model
complexity, difficulty in capturing long-range dependencies, and poor generalization in predicting complex
structures. Therefore, it is necessary for RNA secondary structure prediction to develop new methods. Methods
This study proposed an end-to-end prediction model RMDfold, which employed a feature extraction strategy
combining residual Mamba (resMamba) and dense connections (Dense). The model framework consisted of three
modules: one-dimensional (1D) modeling, feature mapping, and two-dimensional (2D) modeling. For the 1D
modeling module, the model learned contextual dependencies among nucleotides from RNA sequences, providing
the foundation for possible base-pairing; for the feature mapping module, the 1D features were projected into a
2D space to form a constraint matrix that represented potential base-pairing relationships; for the 2D modeling

module, the model further learned the pairing patterns between nucleotides, and determined the unique pairing of
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each nucleotide through pairing constraints, to obtain the final secondary structure. For both 1D and 2D modeling
modules, a four-layer Dense block composed of batch normalization, ReLU activation, and convolution was used
to extract short-range features; and a dual-branch residual structure resMamba based on a state-space model was
used to model long-range dependencies, thereby achieving effective integration of short- and long-range features.
To validate the effectiveness of the proposed method, it was compared with Ufold, REDfold, TransUfold, and
sincfold on the three public datasets RNAStralign, Archivell, and bpRNA-new. Results The proposed RMDfold
method demonstrates superior performance compared with existing algorithms in structure prediction, pseudoknot
prediction, sequence prediction across varying lengths, and model complexity analysis, while requiring fewer
parameters and achieving faster inference. For the structure prediction, the method achieved FI, Matthews
correlation coefficient (MCC), precision and recall of 0.973 5, 0.973 1, 0.975 6 and 0.972 3 on RNAStralign,
0.854 3, 0.855 6, 0.874 7 and 0.876 2 on Archivell, and 0.382 8, 0.401 5, 0.536 5 and 0.318 7 on bpRNA-new,
respectively. For the pseudoknot prediction based on Archivell, the model achieved F'1, MCC, precision and recall
of 0.741 4, 0.743 3, 0.752 5 and 0.739 6. For the sequence prediction across different lengths, RMDfold
maintained an accuracy of 0.70 for sequences ranging from 200 to 500 nt. In terms of model complexity,
RMDfold required 2.886 7 M parameters and achieves an inference speed of 0.026 0 s.Conclusion RMDfold
enables highly accurate prediction of RNA secondary structures. It helps to deeply and comprehensively reveal the
central roles of RNA molecules in gene expression regulation, molecular recognition, and catalysis. and also
provides important structure support for elucidating disease-related variant mechanisms, designing RNA-targeted
drugs, and advancing research in evolution and comparative genomics.
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