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1 An inverse problem

𝑥(𝑡) = 𝑒(𝑡) ∗ ℎ(𝑡)

𝑝(𝑥, 𝑒, ℎ) = 𝑝(𝑥 | 𝑒, ℎ) 𝑝(𝑒) 𝑝(ℎ)
= 𝑝(𝑒, ℎ | 𝑥) 𝑝(𝑥)
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Blind audio deconvolution

𝑥(𝑡) = 𝑒(𝑡) ∗ ℎ(𝑡)
𝑋(𝑓) = 𝐸(𝑓) 𝐻(𝑓)

■ Two directions:

(𝑒, ℎ) ⟶ (𝑥) forward
(𝑥) ⟶ (𝑒, ℎ) inverse

■ Inverse is underdetermined

– needs regularization

■ Bayesian regularization

– 𝑝(𝑥, 𝑒, ℎ) = 𝑝(𝑥 | 𝑒, ℎ) 𝑝(𝑒) 𝑝(ℎ)
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https://mvsoom.github.io/bngif/presentation/blind-deconv
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https://mvsoom.github.io/bngif/presentation/blind-deconv-2
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Glottal inverse filtering

𝑥(𝑡) = 𝑒(𝑡) ∗ ℎ(𝑡)
𝑋(𝑓) = 𝐸(𝑓) 𝐻(𝑓)

■ 𝑥(𝑡): speech audio
■ 𝑒(𝑡): glottal excitation

■ 𝐻(𝑓): vocal tract filter

[Jopling 2009]
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Glottal inverse filtering

𝑥(𝑡) = 𝑒(𝑡) ∗ ℎ(𝑡)
𝑋(𝑓) = 𝐸(𝑓) 𝐻(𝑓)

■ 𝑥(𝑡): speech audio
■ 𝑒(𝑡): glottal excitation

– voiced/unvoiced

– fundamental frequency 𝐹0
– jitter

■ 𝐻(𝑓): vocal tract filter

– formants 𝐹1, 𝐹2, 𝐹3
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https://mvsoom.github.io/bngif/presentation/frame-1b


2 Speech model

𝑥(𝑡) = 𝑒(𝑡) ∗ ℎ(𝑡)

𝑝(𝑥, 𝑒, ℎ) = 𝑝(𝑥 | 𝑒, ℎ) 𝑝(𝑒) 𝑝(ℎ)
= 𝑝(𝑒, ℎ | 𝑥) 𝑝(𝑥)
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Linear prediction

■ All-pole filter [Atal & Hanauer 1971]

𝐻(𝑧) = 1/𝐴(𝑧)

𝐴(𝑧) = 1 − 𝑎1𝑧−1 − ⋯ − 𝑎𝑃 𝑧−𝑃

■ AR(𝑃 ) model

𝑥𝑚 = ∑
𝑃

𝑝=1
𝑎𝑝 𝑥𝑚−𝑝 + 𝑒𝑚

■ Forward:

– 𝐱 = 𝚿(𝐚)−1𝐞
■ Inverse:

– 𝐱 = 𝐗𝐚 + 𝐞
⇔ (𝐗⊤𝐗) 𝐚̂ = 𝐗⊤𝐱
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Kernel linear prediction

■ Excitation model:

𝐞 = 𝐮′ + 𝐧

𝐮′ ∼ 𝒩︀(𝟎, 𝜈𝑤𝐊) voiced
𝐧 ∼ 𝒩︀(𝟎, 𝜈𝑒𝐈) unvoiced

■ Kernelize!

– model

𝑢′(𝑡) ∼ 𝒢︀𝒫︀(0, 𝑘(𝑡, 𝑡′))
– design 𝑘 for closure condition, peri

odicity, roughness, changepoints
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https://mvsoom.github.io/bngif/presentation/gp-uprime-vs-noise
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Kernel bank linear prediction

Speech model of [Yoshii & Goto 2013]:

■ Kernel bank

𝐊 = ∑
𝐼

𝑖=1
𝜃𝑖𝐊𝑖, 𝜃𝑖 ∼ Gamma(𝛼/𝐼, 𝛼)

■ Each 𝐊𝑖 a periodic kernel

– one pitch hypothesis

■ 𝐼  large: a few 𝜃𝑖 dominate

– sparse selection
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https://mvsoom.github.io/bngif/presentation/kernel-bank-samples
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Variational inference

■ Forward:

𝐚 ∼ 𝒩︀(𝟎, 𝜆𝐈)
𝜈𝑤 ∼ Gamma(𝑎𝑤, 𝑏𝑤)
𝜈𝑒 ∼ Gamma(𝑎𝑒, 𝑏𝑒)
𝜃𝑖 ∼ Gamma(𝛼/𝐼, 𝛼), 𝑖 = 1, …, 𝐼

𝐊 = 𝜈𝑤 ∑
𝑖

𝜃𝑖𝐊𝑖 + 𝜈𝑒𝐈

𝐱 | 𝐚, 𝛉, 𝛎 ∼ 𝒩︀(𝟎, 𝚿(𝐚)−1 𝐊 𝚿(𝐚)−⊤)

■ Inverse:

argmin𝑞 𝐷KL(𝑞(𝐚, 𝛉, 𝛎) ‖ 𝑝(𝐚, 𝛉, 𝛎 | 𝐱))

= argmax𝑞 ℒ︀(𝑞(𝐚, 𝛉, 𝛎))

CAVI

ℒ︀ ↑
↺

𝑞(𝐚)
filter

normal eq.

𝑞(𝛉)
kernel bank

GIG

𝑞(𝛎)
powers / voicing

GIG

𝑞(𝐚, 𝛉, 𝛎) = 𝑞(𝐚) 𝑞(𝛉) 𝑞(𝛎)
ℒ︀ = 𝔼𝑞[log 𝑝(𝐱 | 𝐚, 𝛉, 𝛎)]⏟

fit

− 𝐷KL(𝑞 ‖ 𝑝(𝐚, 𝛉, 𝛎))⏟
stay near prior

[Yoshii & Goto 2013]
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■ Forward:
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https://mvsoom.github.io/bngif/presentation/periodickernel
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Variational inference

■ Forward:

𝐚 ∼ 𝒩︀(𝟎, 𝜆𝐈)
𝜈𝑤 ∼ Gamma(𝑎𝑤, 𝑏𝑤)
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■ Inverse:

argmin𝑞 𝐷KL(𝑞(𝐚, 𝛉, 𝛎) ‖ 𝑝(𝐚, 𝛉, 𝛎 | 𝐱))

= argmax𝑞 ℒ︀(𝑞(𝐚, 𝛉, 𝛎))

BNGIF

Bayesian nonparametric

glottal inverse filtering
=

kernel bank linear prediction 𝑝(𝑥, 𝑒, ℎ)

model and inference from [Yoshii & Goto 2013]

+

informative AR prior 𝑝(ℎ)

𝑝(𝐚 | formants) from AR theory

+

data-driven kernel bank 𝑝(𝑒)

{𝐊𝑖} learned from large synthetic corpus
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3 Filter prior

𝑥(𝑡) = 𝑒(𝑡) ∗ ℎ(𝑡)

𝑝(𝑥, 𝑒, ℎ) = 𝑝(𝑥 | 𝑒, ℎ) 𝑝(𝑒) 𝑝(ℎ)
= 𝑝(𝑒, ℎ | 𝑥) 𝑝(𝑥)
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Vocal tract filters

[ Rabiner et al. 1993]

𝐻(𝑧) = 1/𝐴(𝑧)

𝐴(𝑧) = 1 − ∑
𝑃

𝑝=1
𝑎𝑝𝑧−𝑝

= 1 − 1.56𝑧−1 + 2.29𝑧−2 − 2.40𝑧−3 + 2.12𝑧−4 − 1.31𝑧−5 + 0.81𝑧−6

= (1 − 1.70𝑧−1 + 0.96𝑧−2)(1 − 0.46𝑧−1 + 0.93𝑧−2)(1 + 0.59𝑧−1 + 0.91𝑧−2)
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Vocal tract filters

[ Rabiner et al. 1993]

𝐻(𝑧) = 1/𝐴(𝑧)

𝐴(𝑧) = 1 − ∑
𝑃

𝑝=1
𝑎𝑝𝑧−𝑝

= 1 − 0.12𝑧−1 − 0.04𝑧−2 − 1.28𝑧−3 − 0.01𝑧−4 − 0.03𝑧−5 + 0.82𝑧−6

= (1 − 1.92𝑧−1 + 0.96𝑧−2)(1 + 0.44𝑧−1 + 0.94𝑧−2)(1 + 1.36𝑧−1 + 0.91𝑧−2)
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Vocal tract filters

[ Rabiner et al. 1993]

𝐻(𝑧) = 1/𝐴(𝑧)

𝐴(𝑧) = 1 − ∑
𝑃

𝑝=1
𝑎𝑝𝑧−𝑝

= 1 − 1.08𝑧−1 + 1.33𝑧−2 − 1.92𝑧−3 + 1.24𝑧−4 − 0.88𝑧−5 + 0.81𝑧−6

= (1 − 1.86𝑧−1 + 0.96𝑧−2)(1 − 0.02𝑧−1 + 0.93𝑧−2)(1 + 0.80𝑧−1 + 0.91𝑧−2)
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Spectral features

■ A spectral feature is a polynomial

– 𝑄(𝑧) = 1 − 1.69 𝑧−1 + 0.95 𝑧−2

– 𝑄(𝑧) | 𝐴(𝑧)
■ 𝐾 spectral features

– 𝑀(𝑧) = lcm{𝑄1, …, 𝑄𝐾}
– 𝑀(𝑧) | 𝐴(𝑧)

■ Observation:

– 𝑀 | 𝐴 ⟺ 𝐅𝐚 + 𝐜 = 𝟎
– linear in 𝐚!

AR(4), impose 𝐹1 resonance:

𝐴(𝑧) = 1 − 𝑎1𝑧−1 − 𝑎2𝑧−2 − 𝑎3𝑧−3 − 𝑎4𝑧−4

𝑄(𝑧) = 1 − 𝑐𝑧−1 + 𝑑𝑧−2, 𝑐 = 2𝜌 cos 𝜔0, 𝑑 = 𝜌2

𝑅(𝑧) = 1 − 𝑟1𝑧−1 − 𝑟2𝑧−2

𝑀 | 𝐴 ⟺  𝐴(𝑧) = 𝑄(𝑧)𝑅(𝑧). Match 𝑧−1…𝑧−4:

𝑎1 = 𝑐 + 𝑟1, 𝑎2 = 𝑟2 − 𝑐𝑟1 − 𝑑
𝑎3 = 𝑑𝑟1 − 𝑐𝑟2, 𝑎4 = 𝑑𝑟2

Eliminate 𝑟1, 𝑟2:

(1
0

0
1

−1/𝑑
𝑐/𝑑

−𝑐/𝑑2

𝑐2/𝑑2 − 1/𝑑)
⏟

𝐅 (




𝑎1
𝑎2
𝑎3
𝑎4)





+ (−𝑐
𝑑 )

⏟
𝐜

= 𝟎

8 / 18



1 An inverse problem

2 Speech model

3 Filter prior

3.a Vocal tract filters

3.b Spectral features

3.c Spectral feature 
prior

4 Excitation prior

5 BNGIF

6 Conclusion

Spectral feature prior

■ Want a better prior 𝑝(𝐚)
– but not restrictive

■ Idea:

– impose 𝑀 ∣ 𝐴 on average

– 𝔼𝐚[𝐅𝐚 + 𝐜] = 𝟎
■ Closed form:

𝑝0(𝐚) = 𝒩︀(𝟎, 𝜆𝐈)
uninformative prior

argmin𝑝 𝐷KL(𝑝 ‖ 𝑝0)

𝔼𝐚[𝐅𝐚 + 𝐜] = 𝟎

𝑝𝑀(𝐚) = 𝒩︀(𝛍𝑀 , 𝜆𝐈)
quasi-informative prior

𝛍𝑀 = −𝐅⊤(𝐅𝐅⊤)−1𝐜
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“Universal” AR(𝑃) prior

[Cuevas et al. 2021; Sørbye & Rue 2017; Gibson 2018]
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https://mvsoom.github.io/bngif/presentation/softspectral-mechanism
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Spectral feature prior

■ Want a better prior 𝑝(𝐚)
– but not restrictive

■ Idea:

– impose 𝑀 ∣ 𝐴 on average

– 𝔼𝐚[𝐅𝐚 + 𝐜] = 𝟎
■ Closed form:

𝑝0(𝐚) = 𝒩︀(𝟎, 𝜆𝐈)
uninformative prior

argmin𝑝 𝐷KL(𝑝 ‖ 𝑝0)

𝔼𝐚[𝐅𝐚 + 𝐜] = 𝟎

𝑝𝑀(𝐚) = 𝒩︀(𝛍𝑀 , 𝜆𝐈)
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[Cuevas et al. 2021; Sørbye & Rue 2017; Gibson 2018]
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https://mvsoom.github.io/bngif/presentation/softspectral-gallery


4 Excitation prior

𝑥(𝑡) = 𝑒(𝑡) ∗ ℎ(𝑡)

𝑝(𝑥, 𝑒, ℎ) = 𝑝(𝑥 | 𝑒, ℎ) 𝑝(𝑒) 𝑝(ℎ)
= 𝑝(𝑒, ℎ | 𝑥) 𝑝(𝑥)
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Kernel design

ACK

arc-cosine GP

τ

PACK

+ periodicity

τ

QPACK

+ quasi-periodic

τ

g-QPACK

+ closed-phase gate

τ

→ → →

■ Design a kernel with glottal flow features

– GP limit of classical models [Cho & Saul 2009]

– spectral tilt

– quasi-periodicity

– closed phase
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𝑢′(𝑡) PRISM
𝑐1

𝑐2

𝑐3

𝑐4

𝑐5
basis 𝚽

𝑢′ ≈ ∑𝑟 𝑐𝑟𝜑𝑟
coords 𝐜 ∈ ℝ𝑅

u'(t), length M n
ℝ 

R
 manifold

PRISM

ℝ𝑀𝑛 ℝ𝑅

begin end

★
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ℝ 
Q
: I components ℝ 

M
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From corpus to kernel bank

thousands of u'(t) a few GP archetypes

 

learn

compress into

surrogate mixture

PRISM GPLVM XDGMM q-GPLVM synthesize

ℝ𝑀𝑛 ℝ𝑅 ℝ𝑄 ℝ𝑄 ℝ𝑅 ℝ𝑀

begin end

★
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Application

sparse mixture 𝐹1 ≈ 𝐹0 (fails)
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EGIFA benchmark

■ Goal:

– recover true 𝑢(𝑡)
■ Median performance for 6 methods

BNGIF QCP SLP IAIF CPCA CCD

(ours) [Airaksinen et al. 

2014]

[Chien et al. 

2017]

[Alku 1992] [Wong et al. 

1979]

[Drugman et al. 

2011]
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EGIFA benchmark

■ Goal:

– recover true 𝑢(𝑡)
■ Paired Wilcoxon rank test

EGIFA / speech

BNGIF QCP SLP IAIF CPCA CCD

BNGIF 0.935 <.001 <.001 <.001 <.001 <.001

QCP ≈ 1 0.910 <.001 <.001 <.001 <.001

SLP ≈ 1 ≈ 1 0.889 <.001 <.001 <.001

IAIF ≈ 1 ≈ 1 ≈ 1 0.886 <.001 <.001

CPCA ≈ 1 ≈ 1 ≈ 1 ≈ 1 0.759 0.004

CCD ≈ 1 ≈ 1 ≈ 1 ≈ 1 ≈ 1 0.741

EGIFA / vowel

QCP SLP BNGIF IAIF CPCA CCD

QCP 0.957 <.001 0.37 <.001 <.001 <.001

SLP ≈ 1 0.946 0.97 <.001 <.001 <.001

BNGIF 0.64 0.03 0.935 <.001 <.001 <.001

IAIF ≈ 1 ≈ 1 ≈ 1 0.935 <.001 <.001

CPCA ≈ 1 ≈ 1 ≈ 1 ≈ 1 0.844 <.001

CCD ≈ 1 ≈ 1 ≈ 1 ≈ 1 ≈ 1 0.820

– legend:

score

similarity to true 𝑢′(𝑡)
diagonal

median score

off-diagonal

𝑝(row > column), paired Wilcoxon

shaded

row better (𝑝 < 0.05)
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VTRFormants benchmark

■ Goal:

– recover annotated 𝐹1, 𝐹2, 𝐹3 tracks

■ Average performance for 4 methods:

method 𝐹
1

𝐹
2

𝐹
3

overall

BNGIF (informative) 82 129 223 153

BNGIF (uninformative) 89 134 225 157

KARMA 
[Mehta et al. 2012]

114 226 320 220

Praat [Boersma 2001] 185 254 303 247

WaveSurfer 
[Sjölander & Beskow 2000]

170 276 383 276
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Summary

■ Blind audio deconvolution

– glottal inverse filtering

– fundamental problem

– grey-box model

■ Principled Bayesian regularization

– via priors

– process information via 𝐷KL 
[Jaynes 2003; Knuth & Skilling 2012]

– uncertainty quantification

■ And it works:

– SOTA on EGIFA + VTRFormants

– > realtime (was 2.5 h / frame) 
[Auvinen et al. 2014]

…mad party
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Summary

■ General tools developed

– Spectral feature prior

– PRISM

– q-GPLVM

– learn GPs from corpora…

– … and sparsify them

■ Important applications:

– fundamental speech science

– clinical medicine [Alku et al. 2026]

– forensic [Becker et al. 2008]
…mad party
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Future work

■ Limitations

– 𝐹1 ≈ 𝐹0 stays hard

– needs closure event information

– pipeline: one by one, not unified

– frames are independent

■ Future work

– dependent frames

– end-to-end pipeline

– downstream validation for clinical medicine

– other simulators [Schoder et al. 2024]

– coupled AR-GP [Yoshii & Goto 2012] which way?

Thank you for listening!
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