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The Signal Model of PAT3 The Probabilistic Model of PAT3

x(t) = [(v(t) + b u(t)) « h(t) + éet) |w() Speech frames are modeled as a non-linear state-space model.
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Viterbi approximation :
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Then, APF aims to sample from

For each frame n, we run Metropolis-Hasting algorithm :
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3. Reweight each particle 0( ) as w, X

to define the single-site proposal distribution.
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(b) With AM-FM Trakcing Fig. 3: SNR of reconstruction as a function of MCMC iterations.
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Fig. 2: The reconstructed voiced waveform (red line) with and with-

Fig. 1: Comparison of the reconstructed and original spectrogram. out AM-FM tracking, compared with the original waveform (black).



