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ASR

— Dynamic Range Compression (DRC)

- A form of nonlinear distortion
> Nonlinear systems are common (e.g., AM/FM radio, rectifiers)

- DRC is used extensively in audio engineering typically for one
of three reasons:

1. Adhere to dynamic range limitations of a signal transmission
system, while increasing average signal power

2. Increase perceived signal loudness
3. Eliminate drastic changes in volume (e.g., automatic gain control)

- Because of the ubiquity of DRC, speech systems—Ilike ASR—
are likely to encounter compressed speech
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ASR

— Dynamic Range Compression (DRC)

- DRC is characterized by two parameters, ratio (R) and
threshold (7).
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Introduction Big Picture Conclusion

— Dynamic Range Compression (DRC)
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ASR

— Dynamic Range Compression (DRC)
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ASR

- Some examples

Threshold Word Error WER after
- 10 () CrestFactor | Rate (WER)

p

P00 Q 17.1 dB 6.4% 6.4%

P 4 7.7 dB 20.3% 6.4%
_

P 0 4.1dB 30.8% 13.5%
-

Pso 4 6.7 dB 30.2% 6.4%
_

e 0 2.2 dB 49.5% 23.0%
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ASR

— Measuring the effect of DRC on ASR

Experiment 1 (no additive noise):

clean Measure
speech word error
signal rate (WER)

Controlled

parameter Clean acoustic
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ASR

— Measuring the effect of DRC on ASR

Experiment 2 (additive, channel noise):

clean Measure
speech word error
signal rate (WER)
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ASR

= Measuring the effect of DRC on ASR

Experiment 1 (no additive noise):
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ASR

= Measuring the effect of DRC on ASR

Experiment 2 (additive, channel noise):
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ASR

= Measuring the effect of DRC on ASR

Experiment 2 (additive, channel noise):

100
V10 w0
80
70~
60
50
404
30
20

10+

a Additive noise at
B | 2 15-dB SNR w.r.t.
----------------------------------- compressed
signal

Word error rate (%)

T T T T T
15 35 55 75 95 100
T, threshold (percentile)

Electrical & Computer "
) ENGINEERING 12 Carnegie Mellon



Introduction DRC & BAN BAR RED AMT Big Picture Conclusion

ASR

— Counteracting the effects of DRC

DRC

Saturating Non-saturating /
“clipping” “compression”

I R .
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™ Blind Amplitude Normalization (BAN)

(Balchandran & Mammone; ICASSP 1998)

- Step 1: Obtain estimate of the cumulative distribution
function (CDF) of the observed speech, and of clean,
unadulterated reference speech.
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™ Blind Amplitude Normalization (BAN)

(Balchandran & Mammone; ICASSP 1998)

- Step 2: For a given reference signhal amplitude, find the
amplitude in the observed CDF with the same cumulative

probability.
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» Input amplitude of 0.061 maps to 0.2
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™ Blind Amplitude Normalization (BAN)

(Balchandran & Mammone; ICASSP 1998)

- Step 3: Repeat for each input signal amplitude to obtain a
full non-parametric estimate of the nonlinear mapping.
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= How well does BAN work?

- Experiment 1 (no additive noise):
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= How well does BAN work?

- Experiment 1 (no additive noise):

After BAN
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= How well does BAN work?

- Experiment 2 (additive, channel noise at 20-dB SNR):
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BAR RED AMT Big Picture Conclusion

= How well does BAN work?

- Experiment 2 (additive, channel noise at 20-dB SNR):

After BAN

1007
90
80
70
60
50
40~
30
20

107

Word error rate (%)

15 35 55 75 95 100
T, threshold (percentile)

Electrical & Computer "
) ENGINEERING 20 Carnegie Mellon



Introduction DRC & ASR

BAR RED AMT Big Picture Conclusion

= How well does BAN work?

- Experiment 2 (additive, channel noise at 15-dB SNR):
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= How well does BAN work?

- Experiment 2 (additive, channel noise at 15-dB SNR):

After BAN
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= RObUSt BAN (Harvilla & Stern; unpub.)

- |[dea: Shift each input sample by the amount the centroid of it
and its neighbors is changed when inverting the nonlinearity.
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= RObUSt BAN (Harvilla & Stern; unpub.)

- Step 1: As before, for a given reference signal amplitude, find
the amplitude in the observed CDF with the same cumulative
probability.
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= RObUSt BAN (Harvilla & Stern; unpub.)

- Step 2: The difference between the output and the input is
the offset to be added to the original, noisy and compressed

waveform.
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Offset = output - input
=0.2 -0.061=0.139
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= RObUSt BAN (Harvilla & Stern; unpub.)

- Step 3: Repeat for each input signal amplitude, always using
the inverse mapping defined by the smoothed signals.
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= RObUSt BAN (Harvilla & Stern; unpub.)

- Step 1: For each sample, find the centroid of the value and
Its surrounding 4 samples.

- Step 2: Pass the centroid value through the inverse
nonlinearity estimate.

- Step 3: Find the difference (“offset”) between the output of
the inverse nonlinearity and the centroid.

- Step 4: Add the offset to the original noisy and compressed
sample value from Step 1.

- Step 5: Repeat for each sample in the input signal.
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DRC & ASR Big Picture

Introduction

= RObUSt BAN (Harvilla & Stern; unpub.)
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DRC & ASR Big Picture

Introduction

= RObUSt BAN (Harvilla & Stern; unpub.)
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= Results summary

W&

- RBAN is more useful as R becomes large and SNR decreases:
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BAR

= Blind Amplitude Reconstruction (BAR)

« When R = oo, BAN techniques are ineffective.
- All samples greater than |t| are completely lost (“clipping”).

05_: ......................................................................................
O 0.3_ .......................................................................................
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E 01_ ....................................................................................
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BAR

mm Consistent Iterative Hard Thresholding

(Kitic et al.; ICASSP 201.3)

- Kitic-IHT works by learning a sparse representation of the
incoming clipped speech in term of Gabor basis vectors.

- Learning is done using a modified version of the Iterative
Hard Thresholding (IHT) algorithm.

- The learned sparse representation is then used to
reconstruct the signal on a frame-by-frame basis.

Sparse representation, learned
from clipped observation

A\ ——
"N
X~ WYa
— —
Repaired signal Gabor basis
frame vectors

Kitic-IHT will be used as a baseline to compare novel
declipping algorithm performance.
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BAR

— Constrained BAR aniia & stem; interspeech 2014)

 Declip the signal by interpolating missing samples such that
the energy in the second derivative is minimized (i.e., for
smoothness).

- Ensure the interpolation matches the sign of the clipped
signal and is greater than |t| in the absolute sense.

051N R
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amplitude

I
0 05 1 15 2 25 3
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BAR

— Constrained BAR aniia & stem; interspeech 2014)

- Explaining masking matrices

2

xo 1 0 0 O Isolates
S, =10 0 1 0 0 reliable
x1 S 0 0 0 0 1 samples
— | X
X = Z S [O 1 0 0 0] Isolates
‘ = clipped
X3 ¢ 0 O 0 1 0 samples
X4
X N
S x=x, =|X2 Scx=x,= [x;] x=SIx+Slx,
| X4 ]
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BAR

— Constrained BAR aniia & stem; interspeech 2014)

CBAR objective function:

2
minimize UDZ(S;I’:xT + SZxC)HZ

X

C

subject to O SgnS x = +11
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BAR

— Constrained BAR aniia & stem; interspeech 2014)

- Because Constrained BAR (CBAR) imposes a hard constraint
when minimizing the objective function, it is very slow.

- A line search algorithm is used to solve the constrained
optimization separately for every frame.

- In the worst case, it is 400 times slower than real time.

 This motivates the development of a declipping algorithm
that does not require a hard constraint.
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BAR

— Regularized BAR aniia & stem; icassp 2015

- Replace CBAR’s hard constraint with regularization terms:
CBAR objective function:

2
minimize HDZ(STY:xT + SZ:xC)HZ

X

C

subject to O SgnS x = +11
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BAR

— Regularized BAR aniia & stem; icassp 2015

- Replace CBAR’s hard constraint with regularization terms:

2
minimize UDZ(S;I’:xT + S’gxc)”z

X

C
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BAR

— Regularized BAR aniia & stem; icassp 2015

- Replace CBAR’s hard constraint with regularization terms:

2
minimize HDZ(S,T:XT + S’gxc)“z

X

C

+A|It, —SixcHi
+ A“t1 — ngc“z
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BAR

— Regularized BAR aniia & stem; icassp 2015

- Replace CBAR’s hard constraint with regularization terms:

RBAR objective function: X, can be solved for
in closed form!

2
minimize HDZ(S,T:XT + S’gxc)“z

X

C

+A|It, —SixcHi
+ A|t; — ngc“z
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BAR

— Regularized BAR aniia & stem; icassp 2015

- Replace CBAR’s hard constraint with regularization terms:

Frame-specific solution: x.. can be solved for
in closed form!

X, =—(SD3D,S. + A(S)'SE+A(5)'so)™
X(S:D3D,S x, —ASH 'ty —AS)"ty)

Xx=Slx.+Sx,
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BAR

— Regularized BAR aniia & stem; icassp 2015

- The t, and ¢, terms are target vectors.

- They “float” above the clipped segments at the target
amplitude.

- They are defined as a function of the fraction of clipped
samples in a frame.
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BAR

— Regularized BAR aniia & stem; icassp 2015
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BAR

— Regularized BAR aniia & stem; icassp 2015
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BAR

— Regularized BAR (Harvilla & Stem; ICASSP 2015)
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BAR

— Regularized BAR aniia & stem; icassp 2015

05 m
] The target amplitudes underestimate
the true peak (future research).
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BAR

— Regularized BAR aniia & stem; icassp 2015

- Amplitude prediction
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BAR

™= Processing speed
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BAR

= Declipping performance

- Experiment 1 (no additive noise):

L e I Bl no declipping |
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= Declipping performance

W&

- Experiment 1 (no additive noise), relative improvements:
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Relative decrease in WER (%)
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T

CBAR

[Jrelative to RBAR
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Introduction DRC & ASR

Big Picture Conclusion

= Declipping performance

The location of all clipped

° EXperIment 2 (addltlve nOISG) Samp[es is assumed known.
7= Pgs
100
. 80+
S SR
Q O i
g 2 60-
: :
< S 407 |[=0=no declipping
5 3 1 |=H=RBAR
= = 0] |0 CBAR e
] | A Kitic-IHT
O+ e R | Ot L L |
5 10 15 20 5 10 15 20
SNR (dB) SNR (dB)

Kitic-IHT is more robust to additive noise (future research).
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™ Robust Estimation of Distortion (RED)

- Given a received speech signal, how does one determine if
declipping (BAR) or decompression (BAN) need to be
performed?

Is audio
exposed to
DRC?

Receive no

audio

\ 4

Apply .| Extract
BAN features

A

Is audio
clipped?

Apply
BAR
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™ Robust Estimation of Distortion (RED)

 Given a received speech signal, how does one determine if
declipping (BAR) or decompression (BAN) need to be
performed?

—

Is audio
exposed to

Search for peaks in the probability ‘/
DRC?

distribution of the waveform amplitudes

Is audio

Accurately estimate the value of R (recall: if R
clipped? X

is “very” large, speech is effectively clipped)

Requires estimation of which samples are

Apply | . T

BAR cllpped and mgst assu.me the possibility of ‘/
noise (e.g., as in Experiment 2)
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@ Clipped speech detection & t estimation
(Harvilla & Stern; ICASSP 2015)

- Exposure to DRC significantly modifies the waveform
amplitude distribution of the speech

0.35- | | | | | 0359
0.251 | | | | | | 0.25-
2 ] 2 ;
= 024 = 024
= S
S 0.15- S 0.15
S S
a, a8,
0.1—_ 0.1—_
0.05- 0.05-
0 = ———— L s
-06 -04 -02 0 0.2 04 0.6 -06 -04 -02 0 0.2 04 0.6
amplitude amplitude
Uncompressed speech with noise DRC’ed speech (R=6, 1=0.06)
at 15-dB SNR + noise at 15 dB
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@ Clipped speech detection & t estimation
(Harvilla & Stern; ICASSP 2015)

- Exposure to DRC significantly modifies the waveform
amplitude distribution of the speech

0.357 Clipping detection and t
0.3 estimation algorithm:
0.25- 1. Detect peaks in the
z 02: distribution
s 2. Compute:
S 0.157 K—1
= 0.1 1
. T = ——— |k; |
; K-1 2 ‘
0.05E : : | | | i=0
0+——T——T— indi i
06 04 —02 0 02 04 06 3. Output indicates cllppmg
amplitude occurrence and amplitude
DRC'ed speech (R=6, t=0.06) value of T (0.5*(|-t| + 0 + 1] ))

+ noise at 15 dB _ _ o
(if output is o, no clipping)
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DRC & ASR

Introduction

@ Clipped speech detection & t estimation

(Harvilla & Stern; ICASSP 2015) Clipped signal detection accuracies
QO v QO v
S S
s 801 /S G 804
2 ] 2 ]
B 60 S 860
- -
LD 4O S LD 4O
o ] o ]
220/ 220 T
= = ]
O o
o) T | 0o Tt T |
5 15 20 5 10 15 20
SNR (dB) SNR (dB)
T = Pos 1=Prs

Because the amplitude distribution merges into one lobe (thus, one peak) with
decreasing SNR and t, detection accuracy correspondingly decreases.
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Big Picture

r-estimation accuracies for R = o«

@ Clipped speech detection & t estimation
(Harvilla & Stern; ICASSP 2015)

0.23 0.23
0.2 0.2
0.17 0.17
g 0.4 e ® g 014 “‘."d
o .
SNR=20dB £ on e SNR=15dB £ on O
] (N4 5} .®
£ 008 et £ 008 et
0.05 0’ 0°
. ¥ 0.05 ot
“
0.02 0.02
-0.01 -+ [T [T [T 1 001+ [T [T [T 1
0.03 0.06 0.09 0.12 0.15 0.03 0.06 0.09 0.12 0.15
T, actual T, actual
0.23 0.23
0.2 02
0.17 0.17
s .t
§ 0.14 . ,e**"0 £ 0.14 ““‘.“ ~
SNR =10 dB = 0.11 “;"6 SNR=5dB § 0.11 “"'
& * o ‘¢“
g 008 et g 008 LA
* .®
0.05 “,-"'d 0.05 st %
. ‘l
002 0.02 %
-0.01 -+ [T [T [T 1 001+ [T [T [T 1
0.03 0.06 0.09 0.12 0.15 0.03 0.06 0.09 0.12 0.15
T, actual T, actual
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BAR

Introduction | DRC & ASR BAN

@ Clipped sample estimation
(Harvilla & Stern; ICASSP 2015)
- Given the amplitude value of t, how do we determine the

location of clipped samples?

0.5 0.5+
] O signal samples ]
] - - -clipping threshold ]
0.3- 0.37
= ' = '
= Joeooao- - - - - - - - - - 0BGy - -~~~ === === - = oo --------- oot SEEEEEEEEEEEEE
= 017 o o | = 0117 o ) o O O
(o] (0]
c% i \ OO o Oocq}bﬁ:gxtb % | o s © CQ:QOOOQCDO
' & ° o v 0] o o oo o
—0.1+ —0.1+
Fo---- - - - - - - - - - o ---------- f----- R - - - - CY S
—0.3_""|""|""|""|"-'|-'-'|- —0.3-""|""|""|""|""|""|'
0 0.5 1 1.5 2 2.5 3 0 0.5 I 15 2 2.5 3
time (seconds) <107 time (seconds) <107

Clipped speech, no noise Clipped speech + noise at 10-dB SNR
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@ Clipped sample estimation
(Harvilla & Stern; ICASSP 2015)

- Given the amplitude value of t, how do we determine the location
of clipped samples?

- Solution:
Given,

amplitude value of t

percentile value of t

variance of the additive noise (c,,?)
variance of the observed signal (o,?)

- Model the clean speech and noise with separate Gaussians
- For each sample, classify as clipped if

Pr( clipped|observed sample, 1, 0,2, 0,%) > Pr( not clipped | observed sample, 1, 6,2, 0,°)

v Yw 1 Yy
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@ Clipped sample estimation
(Harvilla & Stern; ICASSP 2015)

26— llllllllllllll S S .
|| === clipped i
1| ==not clipped
2081 R
2
§ 1564 Speech clipped
> att=0.07 and
= ] ~added to noise
§ 1047 S [ o | . S ~at 15-dBSNR
7~
. ] | | | | |
5271 1"V N L S
o

-004  0.04 0.12 0.2
amplitude

-0.2 —-0.12
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@ Clipped sample estimation
(Harvilla & Stern; ICASSP 2015)

007 e R e S SRS A
> : : : : 5 e
Q 5 | | TP L A |
= | | LG | |
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S 804 ;xt\" """"" oo e §
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™ Robust Estimation of Distortion (RED)

- Given a received speech signal, how does one determine if
declipping (BAR) or decompression (BAN) need to be
performed?

Is audio
exposed to
DRC?

Receive no

audio

\ 4

Apply .| Extract
BAN features

A

Is audio
clipped?

Apply
BAR
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Big Picture

@ Clipped sample estimation

(Harvilla & Stern; ICASSP 2015)

Apply
BAR
, 5z
’
]
I Voice Estimation
: »|  activity »  ofnoise
I detection variance
I
I
t » Declipping
| A 4
I
I Estimation Clipped ¥
! > of t > sample
I percentile estimation
\
\
N o L L o
(K) Electrical & Computer
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Big Picture Conclusion

@ Clipped sample estimation
(Harvilla & Stern; ICASSP 2015)

The location of all clipped

° EXperIment 2 (add|tlve nOISG) Samp[es is assumed known.
v =P = Pos
100 100
S oA = 500
= 6041 = 60
= A = ,
5 404 ///B'w:,:.,. 5 404 == no declipping | s
O A '.'/.’/“:/:/:’.l T | |"E-RBAR
Z 201 - 'R = 24 |'OCBAR
1 |4 Kitic—IHT
0T T L A | 0T T T |
5 10 15 20 5 10 15 20
SNR (dB) SNR (dB)
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@ Clipped sample estimation

(Harvilla & Stern; ICASSP 2015)
Clipping occurrence and location is

- Experiment 2 (additive noise): detected using RED techniques
r=Pss 7= Pgs
100 100
g 80 g 807
o Q
s 60 s 60
S : S ] b
E 40+ RN E 404 |=@=no declipping |
3 ] R = | |"H-RBAR
= 204 & 207 |OCBAR
- 1 |4 Kitic—IHT
0T I T T | 0 e I T T |
5 10 15 20 5 10 15 20
SNR (dB) SNR (dB)
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Big Picture Conclusion

@ Clipped sample estimation
(Harvilla & Stern; ICASSP 2015)

Clipping occurrence and location is

- Experiment 2 (additive noise): detected using RED techniques
r=Pss 7= Pgs
1004 100 -
] ,,” . -‘- no declipping
~ end . ~ <nd |*H=RBAR
§ 80 j ”:.. § 80 i o CBAR
N— R ‘& & N— E ! !
) 4 ’/,// ‘v, & (D) T ..
s 601 D o g 601 [ A Kitic-THT
S : /////// A /Q/././ $5 4
5 40 = ' o 5 40- 7
"8 i ’///,,//./l E i
o i . . . o i
= 90 =~ clipped signal detection accuracy | = 70l
O+ rrr o T | 0T rrr o T |
5 10 15 20 5 10 15 20
SNR (dB) SNR (dB)
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[l Artificially-Matched Training (AMT)

« So far, the developed techniques have sought to repair
clipped, compressed and noisy speech to “look like” clean
speech:

noisy
observations

l

compensation

clean models

Electrical & Computer "
) ENGINEERING 67 Carnegie Mellon



Introduction | DRC & ASR BAN BAR RED Big Picture Conclusion

[l Artificially-Matched Training (AMT)

- Ultimately, it’s only important for the Acoustic Model and
testing data conditions to match. They both need not be
“clean.”

noisy noisy
observations models
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Big Picture Conclusion

[l Artificially-Matched Training (AMT)

- Experiment 1 (no additive noise):

Clean training

100 -R """"""
= o0
e MR - 20
@ . R = 10
PO I [ IR=6 |
=l W CIR=4 |
S 50 [ MR =2
o 40l Wh L R -
oo W00 W AL o000
= 2@ W OB oWy
INOH | IRE ST A —

T T
15 35 55 75 95 100
T, threshold (percentile)
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Big Picture Conclusion

[l Artificially-Matched Training (AMT)

- Experiment 1 (no additive noise):

DRC-matched training

100—-R """"""""""""""""""""""""""""""""""""""""""
90_ = OO
20 =-r=20
IR =10
lOr=6¢|
oO1CR=4 |

SOJ(MIR =2 |
40 - BR=1 [
30—_ """"""""""""""""""""""""""""""""""""""""""""""""

2()—_ """"""""""""""""""""""""""""""""""""""""""""""""
10—_' """"""""""""""""""""""""""""""""""""""

Word error rate (%)
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T, threshold (percentile)
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[l Artificially-Matched Training (AMT)

- One approach to achieving this in practice:

Current implementation uses
the following parameter sets:

Artificially-Matched Training with

Acoustic Model Selection (AMT-AMS) R = {oo}
T = {P5, P35, Pss, P75, Pos}

Regression on
X g s> /R T
n > DRC parameters { ’ }

.y Ly | Bank of
°c o o acoustic
models

> MFcC ———> ASR > WER
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Big Picture Conclusion

[l Artificially-Matched Training (AMT)

- Experiment 1 (no additive noise):

Clean training

100 -R """"""
= o0
e MR - 20
@ . R = 10
PO I [ IR=6 |
=l W CIR=4 |
S 50 [ MR =2
o 40l Wh L R -
oo W00 W AL o000
= 2@ W OB oWy
INOH | IRE ST A —

T T
15 35 55 75 95 100
T, threshold (percentile)
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Big Picture Conclusion

[l Artificially-Matched Training (AMT)

- Experiment 1 (no additive noise):

AMT-AMS
100—_ """"""""""""""""""""""""""""""""""""" -R """"""
= 00
9 BR - 20
S| I T R = 10|
% 70—_ lllllllllllllllllllllllllllllllllllllllllllllllllllll I:IR:6 |
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g 50 [ R =2
s 400l Wy . 0 R -1
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= 2o @ Wy
10—_' """

I
15 35 55 75 95 100
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Picture

Jl The Big Picture

- With no knowledge of the noise conditions and
characteristics of the incoming speech, how well does the
combination of algorithms from the thesis work in practice?
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Picture

Jl The Big Picture

Compression

40_- .............................................................................................

Word error rate (%)
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Big

Jl The Big Picture

- With no knowledge of the noise conditions and
characteristics of the incoming speech, how well does the
combination of algorithms from the thesis work in practice?
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Picture

Jl The Big Picture

Clipping
40 _- .............................................................................................
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Jll Summary & Conclusions

- A previously-unexplored problem in speech recognition, DRC,
was introduced.

- Novel solutions to the two primary aspects of the problem,
clipping and compression, were developed.

 Techniques for detecting the occurrence of DRC were
considered.

- A comprehensive solution to DRC for speech recognition was
proposed.

- DRC, especially in noise, is a very hard problem, but this
thesis lays the groundwork for very promising future
research.
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Jll Summary & Conclusions

- Areas of future research include:

Improving target amplitude estimates for RBAR [BAR]
Improving the robustness of BAR methods to additive noise [BAR]

Improving the robustness of clipped/compressed signal detection to
low-valued SNR and t [RED, Big Picture]

Development of an R-estimation algorithm [RED, Big Picture]

Further investigation of the performance of AMT-AMS with an
increasing granularity of acoustic model references [AMT]
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Jll Thank you!

- Questions?
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