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2) Virtually Supervised Learning

RIR Simulation Trade-offs

Realism vs. Computational complexity Diversity vs. Training set size
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RIR Simulation Trade-offs
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RIR Simulation Trade-offs

Realism vs. Computational complexity

Diversity vs. Training set size

Image source method [13]

v' Fast (for low reflection orders)
Doesn’t capture low-freq effects
Specular reflections only
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Discretized wave equation solvers (e.g. FDTD)
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RIR Simulation Trade-offs

Realism vs. Computational complexity Diversity vs. Training set size

- Discretized wave equation solvers (e.g. FDTD) |« Room size? Toilet, Office, Airport Hall

1 &%p v' Solve everything

S5 Vip =0 Intractable above ~4 kHz « Room shape? Shoebox, Auditorium,
Underground cave

* Image source method [13]  Room acoustics? Abbey Road studio,
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* Energy-based / Ray-based / _ _
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Particle-based methods
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« Simulators efficiently combining the last two: with 1m « safe distance »
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« Diffusion coefficients:
¢ Same random value for all surfaces
In [0, 0.3] <500 Hz, in[0.2, 1] > 500 Hz
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RIR Simulation Trade-offs
What about the surface acoustic properties?

* Diftusion coefficients: Meant to emulate typical surface
¢ Same random value for all surfaces diffusivity and room furnishing [X]

« InJ0, 0.3] <500 Hz, in[0.2, 1] >500 Hz

« Absorption coefficients:
- Typically defined in octave bands ( b € {125,250, 500, ...,4000} Hz )

A « reflectivity-biased » acoustic sampling
strategy [16] Floors Ceilings

For each surface type (wall, ceiling, floor) toss
a coin:
¢On heads: frequency-independent absorption
coefficient in [@, 0.12] for all (hard surfaces)
eOn tails: random absorption profile inside
realistic ranges (treated surface)
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RIR Simulation Trade-offs

What about the surface acoustic properties?

* Diftusion coefficients: } Meant to emulate typical surface

« Same random value for all surfaces diffusivity and room furnishing [X]

« InJ0, 0.3] <500 Hz, in[0.2, 1] >500 Hz

« Absorption coefficients:
- Typically defined in octave bands ( b € {125,250, 500, ...,4000} Hz )

.. . . . 6000 [
A « reflectivity-biased » acoustic sampling EUNif,

strategy [16] 5000 |

For each surface type (wall, ceiling, floor) toss 4000 1
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¢On heads: frequency-independent absorption 3000
coefficient in [@, 0.12] for all (hard surfaces)
eOn tails: random absorption profile inside 2000 |
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3) Examples and Results
Example 1: RIR -> Mean absorption profile of surfaces [16]

o 1
@(b)d:fst : ST i) (b e {125,250,500, .. .,4000} Hz )

surface 7
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Example 1: RIR -> Mean absorption profile of surfaces [16]

o 1
a(b) = 3 o:z-(b)S< (b € {125,250,500,. . .,4000} Hz )
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3) Examples and Results

Example 1. RIR -> Mean absorption profile of surfaces [16]

o def 1
a) = c— Y a®)s (b€ {125,250,500, .. .,4000} Hz )
tot surface 1
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3) Examples and Results

Example 1: RIR -> Mean absorption profile of surfaces [16]

« Simulated test results: RoomSim, real
absorption profiles, 5 room geometries, 500
RIRs

« Comparing two training sets (Unif., RB) and
the two neural networks (MLP, CNN) against
Sabine and Eyring’s laws (given true S,
and V)
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« Simulated test results: RoomSim, real
absorption profiles, 5 room geometries, 500
RIRs

« Comparing two training sets (Unif., RB) and
the two neural networks (MLP, CNN) against
Sabine and Eyring’s laws (given true S,
and V)

m) Training on uniformly sampled acoustics
fails to outperform reverberation theory

m) Training on the reflectivity-biased set
significantly outperforms both baselines
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Example 1. RIR -> Mean absorption profile of surfaces [16]

« Encouraging generalizability to real data (900 RIRs, 10 room configurations [12])
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3) Examples and Results

Example 1. RIR -> Mean absorption profile of surfaces [16]
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3) Examples and Results

Example 2: Blind echo estimation [4]

A « pic-nic » dataset

« One Source

« Two microphones

« Nearest surface is most reflective
« Random shoe-box rooms
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Example 2: Blind echo estimation [4]

A « pic-nic » dataset
e One Source

Two microphones TQ/
 Nearest surface is most reflective @
~

« Random shoe-box rooms -

» Room impulse responses look like this:

RIR at micl
0.02 q

Direct path

/ First echo
// Early echoes

0.01 +

0.00 +

- J

. Y -
Diffuse tail

0.02 0.03 0.04 0.05
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Example 2: Blind echo estimation [4]

A « pic-nic » dataset
e One Source

« Two microphones %
 Nearest surface is most reflective @
 Random shoe-box rooms /\

» Room impulse responses look like this:

RIR at micl
0.02 q

Direct path

/ First echo
// Early echoes

0.01 +

0.0

- J

. Y -
Diffuse tail

0.02 0.03 0.04 0.05
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3) Examples and Results

Example 2: Blind echo estimation [4]

| i SN
Simulated 2- i e
channel white ) TDOA
'; iTDOA
Level Difference AVO- )
Spectrogram y = TDOE

-/ 1534-dim. 3 fully-connected 128-
~ feature vector units hidden layers

Phase Difference
Spectrogram
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3) Examples and Results

Example 2: Blind echo estimation [4]

Simulated 2-
channel white

i d‘ 1hull LA l.\\-‘ LI ‘|“

| il \|I|\ ‘ IR I|'U I\‘I !

0 \th‘.HwI‘H |HHI| ‘il

‘\|’|H||" ||\|\ ‘1“‘

Level Difference
Spectrogram

P 234 dim.

TDOA

ITDOA

TDOE

3 fully-connected 128-

feature vector units hidden layers

Phase leferenee

Spectrogram nRMSE

Input | TDOA iTDOA TDOE

Results on test set T w o 0z on
MIRAGE  wn+n | 0.68 0.69 0.89

MIRAGE sp 0.31 0.34 0.56

MIRAGE  sp+n | 0.99 0.98 1.48

GCC-PHAT wn 0.21 - -

GCC-PHAT wn+n | 0.68 - -

GCC-PHAT sp 0.32 - -

GCC-PHAT sp+n 1.38 - -
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Spectrogram nRMSE
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3) Examples and Results

Example 2: Blind echo estimation [4]

Simulated 2-
channel white TDOA
|M Ll il "“I‘Il \‘n‘ U \||H| fil |I ‘\‘LI I = . — iTDOA
Level Difference
i |‘ hpIJ'H"H| i | Jil |\| “D‘IH‘ \||‘ H"I“ Spectrogram TDOE

234 dim.

feature vector

3 fully-connected 128-
units hidden layers

Phase leference

Spectrogram nRMSE
Input | TDOA iTDOA TDOE
ReSUItS on test set MIRAGE  wn 0.18 028  0.25
MIRAGE  wn+n
v' Good results with white noise MIRAGE  sp
Poor generalization to noisy MIRAGE  sp+n
speech and real data GCC-PHAT  wn
GCC-PHAT wn+n | 0.68 - -
GCC-PHAT sp 0.32 - -
GCC-PHAT sp+n | 1.38 - -
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3) Examples and Results

Example 3: Blind room parameter estimation [17]

« Joint estimation of volume, total surface, RT4y(b) and a(b) from multiple,
multichannel noisy speech recordings
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« Joint estimation of volume, total surface, RT4y(b) and a(b) from multiple,
multichannel noisy speech recordings

chan. 2
dilation = 1
M_’ STEFT kernel_size = 11
1D-Conv x3 14 % 1
——
chan. 1 - 1248 x T 1248 x 1 —
ilation = 1 = Full
] = - ¥y >
Input z W‘ﬂ—b STFTH| ?1:1?;3:2:11—24 - Concat ~ Avg. Pool E connected ’
kernel size = 11 embedin ReLU
3 1D-Conv i — po(r) of(x)
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« Joint estimation of volume, total surface, RT4y(b) and a(b) from multiple,
multichannel noisy speech recordings

chan. 2
dilation = 1
M_’ STEFT kernel_size = 11
1D-Conv x3 14 % 1
——
chan. 1 - 1248 x T 1248 x 1 —
ilation = 1 = Full
] = - ¥y >
Input z W‘ﬂ—b STFTH| ?1:1?;3:2:11—24 - Concat ~ Avg. Pool E connected ’
kernel size = 11 embedin ReLU
3 1D-Conv i — po(r) of(x)

« A maximume-likelihood cost-function: Le(z,y) = —logpe(ylz) = —log N (y; py(x), op(x))

D i
e 1 ‘ Ya — pa,0(x))?
=3 Z log Jig(m) -+ ( ,’E 0(x))
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3) Examples and Results

Example 3: Blind room parameter estimation [17]

« Joint estimation of volume, total surface, RT4y(b) and a(b) from multiple,
multichannel noisy speech recordings

chan. 2 —
dilation = 1
M_‘_p STEFT kernel_size = 11
IPD 1D-Conv 3 % 1
—_—
chan. 1 _— 1248 x T 1248 x 1 I,
- dilation = 1 m ul
Input z Wiﬂ—b STFTH\ : |]—> I dilation = 2 —> Concat. - Avg. Pool i e E -
~ I dilation = 4 = L
kernel size = 11 H ReLU
- embedding .
3 1D-Conv voutor po(z) op(x)

« A maximume-likelihood cost-function: Le(z,y) = —logpe(ylz) = —log N (y; py(x), op(x))

D ;
e 1 : Ya — pa,0(x))?
=3 Z log Jig(m) + ( 0(x))

o 0i6()

» Allows aggreting multiple source-receiver recordings via Bayes’ theorem:

po(yalz = [z1,...,2]) = N(ya: fla,0(Z), 1/73,6(Z))  fiae(E) = Z Ti’e(a:j)) pao(x;), Yae(®) = vielx;)
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3) Examples and Results

Example 3: Blind room parameter estimation [17]

a RTeo(s) S (m?) V (m?3)
058 A
’ i 80 - =@ 1chan
056 24 55 1 —#— 2chan
: . —4— [6]
.054 50 - 70 1
.20 1
.052 A
18- 45 1 60
.050 A
.16 -
'048 - T T T T T T T T T 40 T T T T T 50 T T T T T
1 2 3 5 1 2 3 4 5 1 2 3 4 5 1 2 3 4 5
#pos #pos #pos #pos
Method | Features pos a RTgo S %

[6] SC I _ _ _ 1378 ¥ 2-channels helpVand S
Ours SC 1 0.061 | 0.134 | 129.6 | 154.5 ¥ Multiple observati ons help
Ours SC 5 0.060 | 0.097 | 125.8 | 149.1 Poor results for mean
Ours SC+IC | 0.084 | 0.101 89.4 107.6 absorption below 1000 Hz
Ours SC+IC 5 0.094 | 0.062 50.2 68.8

Mean results on 3 real rooms [12] (30 rec. per room)
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4) Conclusions & Outlook

* Recovering the geometry and acoustic profiles of a room from a clap
recording is .... far from solved! In particular at low-freq (<1000 Hz)
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recording is .... far from solved! In particular at low-freq (<1000 Hz)

* Next challenge: estimation of individual surfaces/objects in the room?
« A variety of open and useful inverse problems in acoustics

* How to develop « hybrid » models that are jointly
driven by data, signal processing and physics?

Machine
learning

Signal
processing
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Promising directions: domain adaptation,
transfer learning, generative models, adversarial
networks, neural RIR generation, ...
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recording is .... far from solved! In particular at low-freq (<1000 Hz)

Next challenge: estimation of individual surfaces/objects in the room?

A variety of open and useful inverse problems in acoustics

How to develop « hybrid » models that are jointly
driven by data, signal processing and physics?

Machine
learning

Promising directions: domain adaptation,
transfer learning, generative models, adversarial
networks, neural RIR generation, ...

Coming soon: extension of Pyroomacoustics
that loads measured source and receiver
directivity profiles Lot
L /\
Thank You ! rS)
Questions?

Signal
processing
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