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Prediction Method of RNA Secondary Structure Based on Transformer Architecture

YU Ding and LI Zhangwei

College of Information Engineering,Zhejiang University of Technology, Hangzhou 310023, China
Abstract RNA secondary structure prediction is a core problem in bioinformatics,and recent advancements in deep learning have
significantly propelled progress in this field. However,existing methods still face limitations in prediction accuracy and reliance on
external prior models,which may compromise the robustness and generalization capabilities of these models. To address these is-
sues, this paper proposes a Transformer-based model for RNA secondary structure prediction. The model designs dual feature en-
coding pathways,generating sequence features through linear embedding and one-hot encoding, and efficiently fuses these two
feature representations using a cross-attention mechanism. During the feature extraction phase.the model employs an improved
architecture combining Swin-Transformer and U-net (Swin-Unet) to achieve deep-level feature extraction, ultimately producing
a pairing probability matrix for RNA secondary structures. Experimental results show that the proposed model achieves over 3%
higher Fl-scores than other models on multiple benchmark datasets without relying on prior information from external models.
This study provides a novel solution for RNA structure prediction and highlights the promising potential of Transformer architec-
tures in biological sequence analysis.

Keywords Prediction of RNA secondary structure, Deep learning, Swin-Transformer, Cross-attention, U-Net
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Table 1 Comparison of the performance of various models on the

RNAStralign dataset

MCC=

A & AEE  Fl4#&% McCC 4
Contrafold 0. 664 0.565 0.611 0.476 —
Contextfold 0,718 0.627 0. 670 0.537 —

Mfold 0.676 0.560 0.613 0.498 —

E2Efold 0.832 0.803 0.817 0.752 1.865x 107
WFold 0.872 0.796 0.832 0.788 1.978x 107
UFold 0.861 0.836 0. 848 0.786 8. 630X 106

Ours 0.903 0.884 0.894 0.832 1.257%107
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Fig.5 Visual comparison of the prediction results between the proposed model and the Ufold model on sRNA and LRNA
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Table 2 Comparison of the performance of various models on the

Archivell dataset

A X ES A EF F1 &4 Mcc
Contrafold 0. 681 0. 604 0. 640 0. 499
Contextfold 0.693 0.616 0.652 0.511

Mfold 0.718 0. 643 0.677 0.532

E2Efold 0.710 0.652 0. 681 0.560
UFold 0.818 0.794 0. 806 0.705
Wiold 0. 859 0.821 0. 829 0.767
Ours 0.882 0.859 0.870 0.793

S ue 2 AR WL FE T R/ B BE AL 1L B A% B2 T R AR BT
B4R LR BUAR X FE 3k 32 B BT L Ak 3w A T [
SERIR S22 2B AR BRI S i 2 i B . AL Z T R
2 ) 5 VR A 1 HOHE S A 3 i B B TR 5 AR AR SO
RS 2 R B T 000 S 0 5 R L AH AR T UFold B A A o



My S5 FETF Transformer ZEM A9 RNA 40 45 44 TN 7 v

381

1N 0.861 KM FE A 0. 8IS CFEMA 5. 0%6) » A SCHR A 14 7 iff 3
LI 0. 903 /MR 2= 0. 882 ([ 2. 3%) . 1Ak, WFold #
R ERAE D40 B 2E 1) RNA KR )5 MCC 18 H A 0. 788 F
R3] 0. 767 (FRIE 2. 66 %0) o W 08 T A SCHLRY (R IT-Af (1) 8 1415
Oy ERIE G TR SCBE R, a3k — 45 ROR AR R T A SO A
RNA 0450 T AT 55 vh (4 6 5 ME g 28 ™ S T i 32
TLBETT .

BEAN B 6 il T 4 BRI 2 2] BRI F1 A543 43 A S
. E— RNAJFSIHEARER L H— s ER, TUE
B AR SCEIAE F1 A0 BB PR, H R R AL
1.0 A3 E BT . 33 ol 2 A 4 HE AT ML AE 52 1 4SS A b BE 2 4
b RNA J7 5 i B A A5 58 HL i 2000 000 RE A7, PR3 0 53
B R T — B

Ours - M JASNER 0570
WFold - AN 0839
= g
% X
UFold - DR 0505 ¥
[
E2Efold - 3 W DUREFRORDN IR 0631
| | | | | !
0 02 04 06 08 10
F1f# 22

B 6 AREBEEILE Archivell HdE 4 ) F1 4550 s 40 i B
Fig. 6 Scatter plot of F1 scores for different models on the Archivell

dataset
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Table 3 Results of the model ablation experiments
H b7 R FE AEE F1#/&4% Mcc
UFold 0. 861 0.836 0.848 0.786
FBD 0. 891 0.873 0.882 0.821
X)) 0.897 0.877 0. 887 0.825
E Y ED) 0.871 0.853 0.862 0. 800
S 0.903 0.884 0.894 0.832
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