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Abstract

Recent advancements in on-device systems increasingly focus on performing inference processing locally.
Server-client architectures can suffer from reduced usability due to high server load and concerns regarding sensitive
personal information. In this study, we identified that the audio feature extraction process, a crucial step in converting
audio to facial motion within the face synthesis model GeneFacet++, consumes a significant amount of processing
time. To address this issue, we propose a method that significantly reduces the processing time by applying
FastHuBERT and an inference optimization technique using ONNX. Experimental results demonstrate that the
inference time of the face synthesis model in an on-device environment was reduced by up to 20.31 times. This

confirms that complex inference tasks such as face synthesis models can be effectively executed on-device.
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Fig. 1. GeneFace+++ audio feature extraction components
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Table 1. Devices used in the experiment
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Table 2. Average processing time for 50 audio files on
jetson nano

Process Average time(sec) | Average rate(%)
Audio conversion 201 0.30%
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Batch preparation 170.44 25.29%
Audio to motion 18.14 2.69%
Total processing 7877 100%
time
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Fig. 2. Proposed audio feature extraction method for GeneFacet++
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