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KGMamba: Gene Regulatory Network Prediction Model Based on Kolmogorov-Arnold Network
Optimizing Graph Convolutional Network and Mamba

GAO Tai,REN Yanzhang, WANG Huiqing.LI Ying and WANG Bin

College of Computer Science and Technology(College of Data Science) s Taiyuan University of Technology,Jinzhong,Shanxi 030600, China

Abstract Gene regulatory network(GRN) inference is pivotal for deciphering cell development mechanisms and propelling preci-
sionmedicine research. However,existing deep learning approaches confront challenges of high computational complexity and in-
adequate global feature capture. To tackle this,a novel efficient prediction model integrating the Kolmogorov-Arnold network
(KAN) driven graph convolutional network(KGCN) and Mamba module is proposed. Firstly, the multi-layer perceptron( MLP)
in traditional graph convolution is replaced by KAN’s learnable spline functions, which retain local feature extraction while reduc-
ing redundancy through restructured computation,significantly improving efficiency. Secondly,the Mamba module is innovatively
incorporated to prioritize attention to gene nodes critical for global regulation via its selective mechanism. Together, these compo-
nents enable a unified optimization of both local and global feature modeling. Experimental comparisons with six other deep-learn-
ing models on public datasets are performed. Results demonstrate that this model outperforms others in AUC and AUPR per-
formance metrics, while also showcasing remarkable robustness and computational efficiency,further demonstrating the superiori-
ty of the model.

Keywords Gene regulatory network,Deep learning, Kolmogorov-Arnold network,Graph convolutional network, Mamba
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Table 1 Experimental data

. - STRING . Non-specific ChIP-seq .

' F AR & 4% B F A H &
hESC 758 343(351) 517(709) 0.024(0.021) 301(309) 764(1152) 0.015€0.013)
hHEP 425 409(414) 656(889) 0.028(0.024) 331(339) 833(1224) 0.015€0.013)
mDC 383 264(273) 486(679) 0.038(0.032) 251(255) 642(977) 0.019€0.016)
mESC 421 495(499) 648(799) 0.024(0.021) 518(524) 895(1220) 0.0150.013)
mHSC-E 1071 156(161) 3000427) 0.029(0.027) 147(150) 447(678) 0.022(0.019)
mHSC-GM 889 92(100) 206(357) 0.039(0.037) 91(85) 533(302) 0.028(0.03)
mHSC-L 847 39(40) 74(86) 0.047(0.045) 37(39) 169(199) 0.046(0.042)

. - STRING . Non-specific ChIP-seq .

HEE T AR & W EE T A H &

hESC 758 34(34) 815(1260) 0.164(0.166) - - -

hHEP 425 30(31) 874(1330) 0.380(0.377) - - -

mDC 383 20(21) 447(687) 0.085(0.082) - - -
mESC 421 88(89) 975(1383) 0.345(0.378) 34(34) 775(1099) 0.159(0. 154)

mHSC-E 1071 28(32) 690(1172) 0.572(0.559) - - -

mHSC-GM 889 21(22) 618(1089) 0.534(0.557) - - -

mHSC-L 847 16(16) 525(640) 0.525(0.507) - - -
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Fig.5 Training and validation loss over epochs
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Fig. 8 Comparison of each model
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Table 2 Wilcoxon significance test results for AUC and AUPR between KGMamba and other models

DGCGRN GNNLink GNE CNNC STGRNS  GRN-Transformer
P & (AUC) 0.000105 0.000015 0.000047 0.000114 0.000146 0.000033
P {f (AUPR) 0.000058 0.000161 0.000041 0.000057 0.000059 0.000061
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Fig. 9 Impact of training set size on the model
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Table 3 Running time comparison of experimental models
Bt [8] KGMamba  GNNLink DGCGRN  GRN-Transformer GNE STGRNS CNNC
TFs+500 4.29s 4.4 4min45s 5min34s 6minl2s 20minb51s 1h10 min
TFs+1000 10.21s 8.59s 15min6 s 27min4ls 34minl8s 57minl5s 18 h41 min
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Fig. 11 Impact of each module on the model
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Table 4 TImpact of Kolmogorov-Arnold network on the model
Methods Time/s
KAN 24.52
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