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Research on Multi-order GMM-ResNet Fusion for Speech
Deepfake Detection

CAO Mingming, LEI Zhenchun, YANG Yingen, ZHOU Yong

School of Computer and Information Engineering, Jiangxi Normal University, Nanchang 330022, China

Abstract Automatic speaker verification technology has made remarkable progress in recent years, but it is also vulner-
able to deepfake attacks by synthesized or converted speech. Therefore, the speech deepfake detection systems have been
developed to address this issue. In this paper, we propose a fusion model that combines multi-order GMMs with ResNet
for speech deepfake detection. The model leverages the correlation between Gaussian components in different order
GMMs and the feature maps of all residual blocks in the ResNet model. The multi-order GMM-ResNet fusion model
mainly consists of two parts: multi-order Log Gaussian Probability (LGP) Feature fusion and Multi-scale Feature Aggre-
gation ResNet (MFA-ResNet). The conventional GMM describes the distribution of speech features in the feature space,
and different order GMMs have different descriptive abilities to form smooth approximations to the feature distribution.
Additionally, the multi-order LGP features are based on the different order GMMs, which also capture the speech informa-
tion at different scales. The multi-order LGP feature fusion module weights three order LGP features from different order
GMMs and facilitates information exchange between them. On the other hand, the feature information obtained in the first
or intermediate layers in neural network model is also very useful for classification tasks. Based on this experience, the
MFA-ResNet module aggregates all outputs from ResNet blocks, and all feature maps can also contribute towards the ac-
curate speech embedding extraction. On the ASVspoof 2019 logical access task, the LFCC+multi-order GMM-ResNet
fusion system achieves a minimum t-DCF of 0.0353 and an EER of 1.16%, which relatively reduces by 83.3% and 85.7%
compared with the LFCC+GMM baseline. On the ASVspoof 2021 logical access task, the LFCC+multi-order
GMM-ResNet fusion system achieves a minimum t-DCF of 0.2459 and an EER of 2.50%, which relatively reduces by
57.3% and 87.1% compared with the LFCC+GMM baseline, and relatively reduces by 28.6% and 73.0% compared with
the LFCC+ LCNN baseline. Compared with current state-of-the-art models, the proposed model is competitive.

Key words multi-order GMM-ResNet fusion; multi-order log-gaussian probability feature fusion; multi-scale feature
aggregation; speech deepfake detection
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Table 2 Comparison of experimental results of multi-order LGP feature fusion + ResNet

on ASVspoof 2019 and ASVspoof 2021 LA datasets

ASVspoof 2019 JF K 4E

ASVspoof 2019 PEAili4E

ASVspoof 2021 1Ffhi4E

FEIERT 4 UIIEZ s W 1B
min t-DCF EER/% min t-DCF EER/% min t-DCF EER/%

128 0.0090 0.31 0.1121 3.92 0.4188 10.02
256 0.0076 0.31 0.0894 3.20 0.3661 8.19
512 0.0071 0.34 0.0838 3.06 0.3800 8.49
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256 v 0.0162 0.48 0.0415 1.49 0.2592 3.17
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Table 3 Comparison of experimental results between ResNet and MFA-ResNet
on ASVspoof 2019 and ASVspoof 2021 LA datasets
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Table 4 Experimental results of the multi-order
GMM-ResNet fusion model on the ASVspoof 2019 LA

dataset
FHIE LY w)% min t-DCF  EER/%
WA
LFCC GMML'Y 0.2116 8.09
cQcc GMM!®! 0.2366 9.57
GMM-ResNet 0.0838 3.06
Z Iy GMM-ResNet il {5 0.0713 2.49
LFCC
GMM-ResNet v 0.0413 1.47
%y GMM-ResNet fili&y v 0.0353 1.16
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Table 5 Comparison of experimental results between
the multi-order GMM-ResNet fusion model and other
mainstream models on the ASVspoof 2019 LA dataset

FFAIE LAY min t-DCF  EER/%
LFCC LCNN! 0.1000 5.06
LFCCP ResNet18-OC-softmax ~ 0.0590 2.19
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CQT!™¥! MCG-Res2Net50 0.0520 1.78
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Table 6 Experimental results of the multi-order
GMM-ResNet fusion model on the ASVspoof 2021 LA

dataset

AR Y . min t-DCF  EER/%
cQccC GMM™! 0.4794 15.62
LFCC GMM!™? 0.5758 19.30
LFCC LCNN! 0.3445 9.26
Raw RawNet!'? 0.4257 9.50
GMM-ResNet 0.3800 8.49
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%l GMM-ResNet @iy v/ 0.2459 2.50
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Table 7 Comparison of experimental results between
the multi-order GMM-ResNet fusion model and other

mainstream models in the ASVspoof 2021 LA dataset
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