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Abstract

Text-to-Speech (TTS) technology aims to synthesize natural-sounding speech from given text,
and research in the field of artificial intelligence is actively underway. Diffusion-based TTS, a
generative model, effectively learns detailed human speech characteristics and can produce
remarkably natural-sounding speech. However, the repeated forward and backward processes
consume significant computational resources and time. To address this issue, this paper proposes
an optimized Diff-TTS model using Depthwise Separable LVC, which combines Depthwise
Separable Convolution (DSC), a technique that applies separate kernels to each input channel, and
Location-Variable Convolution (LVC), which dynamically adjusts the kernel based on the input.
The proposed model demonstrates a reduced computational load per sentence while maintaining
speech quality, demonstrating that channel-specific computation and integration effectively
improves the speed and quality of speech synthesis.
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