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Explanations

B Saliency maps are commonly used in computer vision for producing
explanations.
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Explanations

B Saliency maps are commonly used in computer vision for producing
explanations.

_ah

B The explanations should faithfully follow the original model.

B Faithful and understandable explanations are important for
domains where decisions are critical!
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Contributions

B We develop an understandable and faithful (SOTA) posthoc
explanation method for audio classifiers.

Input Audio Explanation
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Contributions

B We develop an understandable and faithful (SOTA) posthoc
explanation method for audio classifiers.

Input Audio Explanation

B Our method is agnostic to classifier input domain, and generates
listenable explanations.

B We propose a fine-tuning strategy that improves
understandability/faithfulness trade-off.
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Optimization objective

Explanation
(Mask-in)

Input Audio Saliency Map

M()(h) ® X

Mask-in
mein AinLin(log f(My(h) ® X),¥)

Maximizes the classifier agreement between the input and the
explanation.

7/17



Optimization objective

Explanation
Saliency Map (Mask-in)

Input Audio Mask-out

Mask-in
mein /\,',,,C,',,('Og f(M{)(h) ® X),)//\)

Mask-out

— doutLout(log F((1 — My(h)) © X),¥)

Minimizes the classifier agreement of what is not in the explanation and
the input.
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Optimization objective

Input Audio

Saliency Map

Mask-in

Explanation

(Mask-in) Mask-out

W ex A M eX

main AinLin(log fF(My(h) © X),y)

Mask-out

Mask Reg

——
- /\outﬁout(|0g f((]- - M9(h)) © X)a)?) + ‘Mﬁ(h)‘

Avoids trivial solutions.
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Producing Listenable Explanations
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Measuring faithfulness and understandability

B Faithfulness: Measures importance of explanations for classifier
decisions
» L2I-Faithfulness
» Average-Increase
» Average-Gain
» Average-Drop
» Input Fidelity
B Structural metrics: Measures the understandability of the
explanations
» Sparseness
» Complexity
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Understandability

mGin Ainﬁin(log f(M9(h) © X)7 5/\)

Regularizer

_Aoutﬁout(log f((l - MQ(h)) © X)vj/\) + |M9(h)|
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Understandability

min AinLin(log (Mg (h) © X), ¥) = AoueLout(log f((L = Mo (h)) © X), ¥)
+ s [IMa(h)ll1 + Ag [IMa(h) © X — Xetean||
—_———

Ly Finetuning

B [,: Avoids trivial solutions (e.g. all 1s).

B Finetuning: Improves Understandability.
» Used in a second stage, selectively.
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Understandability

mein )\in‘cf"(log f(Mg(h) @ X),S/\) - )‘outﬁout(log f((]- - /V/e(h)) @ X),}//\)
+ >‘5 HMG(h)Hl + )\g ||M0(h) O X - XcleanH
——

Ly Finetuning

B [;: Avoids trivial solutions (e.g. all 1s).
B Finetuning: Improves Understandability.
» Used in a second stage, selectively.

Input Audio No finetuning Finetuning
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Experiments

B We produce explanations for classifiers trained on Sound Event
Classification Datasets (ESC50, US8k).
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Experiments

B We produce explanations for classifiers trained on Sound Event
Classification Datasets (ESC50, US8k).

B We examine explanations on In-Domain (ID) and Out-of-Domain
(OOD) cases.

» ID: Plain datasets with data augmentation
» OOD: Mixtures with different contaminating sources
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Quantitative Results - ID

Metric | AI(t) AD(l) AG(1) FF (1) Fid-In(1) SPS (1) COMP (1)
Saliency 0.00 15.79 0.00 0.05 0.07 0.39 5.48
Smoothgrad 0.00 15.71 0.00 0.03 0.05 0.42 5.32
° 3 16 0.25 15.45 0.01 0.07 0.13 0.43 5.11
% % GradCAM 8.50 10.11 1.47 0.17 0.33 0.34 5.64
§ Guided GradCAM 0.00 15.61 0.00 0.05 0.06 0.44 5.12
2 & Guided Backprop 0.00 15.66 0.00 0.05 0.06 0.39 5.47
£ L21, RT=0.2 1.63 12.78 0.42 0.11 0.15 0.25 5.50
SHAP 0.00 15.79 0.00 0.05 0.06 0.43 5.24
L-MAC (ours) 36.25 1.15 23.50 0.20 0.42 0.47 4.71
L-MAC, FT, A, = 4 (ours) 32.37 1.98 18.74 0.21 0.41 0.43 520
Saliency 0.00 15.81 0.00 0.10 0.07 0.39 4.53
Smoothgrad 0.00 15.61 0.00 0.07 0.04 0.39 4.54
2 IG 0.00 15.55 0.00 0.12 0.08 0.42 4.36
2 __  GradCAM 7.00 10.93 1.04 0.17 0.29 0.34 4.72
#2 Guided GradCAM 0125 1540 667  0.08 0.07 0.45 417
— = Guided Backprop 0.125 1554 0.00 0.10 0.08 0.39 4.53
2 SHAP 0.00 15.57 0.00 0.11 0.08 0.41 4.42
L-MAC (ours) 35.63 1.59 24.28 0.22 0.42 0.45 4.11
L-MAC (ours) FT, A\, =4 | 36.13  1.28 2115  0.23 0.42 0.32 471
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Quantitative Results - ID

Metric | AL(1) AD({) AG(1) FF(1) Fid-In() SPS(f) COMP (i)
Saliency 000 1579 000  0.05 0.07 0.39 5.48
Smoothgrad 000 1571 000 003 0.05 0.42 532
.3 G 025 1545 001  0.07 013 0.43 5.11
3 % GradCAM 850 1011 147 017 033 0.34 5.64
£ Guided GradCAM 000 1561 000  0.05 0.06 0.44 5.12
1 Guided Backprop 000 1566 000  0.05 0.06 039 5.47
& 121, RT=0.2 163 1278 042 0.1 015 0.25 550
SHAP 000 1579 0.00 __ 0.05 0.06 043 5.4
L-MAC (ours) 36.25 1.15 2350 0.0 0.42 0.47 41
L-MAC, FT, A, =4 (ours) | 3237 198 1874 0.21 0.41 0.43 5.20
Saliency 000 1581 000  0.10 0.07 0.39 453
Smoothgrad 000 1561 000  0.07 0.04 0.39 454
2 IG 000 1555 000  0.12 0.08 0.42 436
S _ GradCAM 700 1093 104 017 029 0.34 4.72
#2 Guided GradCAM 0125 1540 667  0.08 0.07 0.45 417
2= Guided Backprop 0125 1554 000 0.0 0.08 039 453
3 sHap 000 1557 0.00 0.1 0.08 0.41 442
L-MAC (ours) 35.63 150  24.28 0.2 0.42 0.45 4n
L-MAC (ours) FT, \, =4 | 36.13 1.28 2115 0.23 0.42 0.32 47
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Quantitative Results - ID

Metric | AL(1) AD({) AG(1) FF(1) Fid-In() SPS(f) COMP (i)
Saliency 000 1579 000  0.05 0.07 0.39 5.48
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B Finetuning does not harm faithfulness significantly.

B Generating listenable explanations does not decrease the alignment
with the classifier.
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Quantitative Results - ID

Metric | AL(1) AD({) AG(1) FF(1) Fid-In() SPS(f) COMP (i)
Saliency 000 1579 000 005 0.07 039 5.48
Smoothgrad 000 1571 000 003 0.05 042 532
.3 G 025 1545 001  0.07 013 043 5.11
3 % GradCAM 850 1011 147 017 033 034 5.64
£ Guided GradCAM 000 1561 000 005 0.06 044 5.12
1 Guided Backprop 000 1566 000  0.05 0.06 039 5.47
& 121, RT=0.2 163 1278 042 011 015 0.25 550
SHAP 000 1579 0.00 __ 0.05 0.06 043 524
L-MAC (ours) 36.25 1.15 2350 020 0.42 0.47 4.71

L-MAC, FT, A, = 4 (ours) | 3237 198 1874 0.21 0.41 | 043 5.20 |
Saliency 000 1581 000  0.10 0.07 039 453
Smoothgrad 000 1561 000  0.07 0.04 039 454
2 G 000 1555 000  0.12 0.08 042 436
S _ GradCAM 700 1093 104 017 0.29 034 4.72
£2 Guided GradCAM 0125 1540 667 008 0.07 0.45 417
2= Guided Backprop 0125 1554 000 0.0 0.08 039 453
5 sHAP 0.00 1557 000 _ 0.1 0.08 041 442
L-MAC (ours) 35.63 150 2428 022 0.42 0.45 411
L-MAC (ours) FT, \; =4 | 36.13 128 2115 023  0.42 032 471

B Finetuning does not harm faithfulness significantly.

B Generating listenable explanations does not decrease the alignment
with the classifier.

B We have comparable structural metrics.
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Quantitative Results - OOD (Audio Mixtures)

Metric | AL(t) AD () AG(f) FF(f) Fid-ln(f) SPS(f) COMP ({)
Saliency 062 3173 007  0.06 0.12 0.76 11.06
Smoothgrad 012 3184 000  0.06 013 0.83 10.66
. G 037 3115 003 012 0.26 0.87 10.22
3 % L2l 500 2565 100  0.20 035 052 10.99
S GradCAM 1412 1762 746 025 0.00 091 9.66
B Guided GradCAM 000 3L74 000 007 011 0.89 10.24
£ Guided Backprop 063 3173 007  0.06 011 076 11.06
SHAP 000 3181 000  0.07 0.14 0.84 10.58
L-MAC (ours) 60.63 4.82 3585 0.39 0.81 0.94 9.61
L-MAC FT, A = 4 (ours) 5075 673 2600  0.39 078 0.84 10.51
Saliency 038 3164 00l  0.15 0.12 0.77 9.17
Smoothgrad 025 3166 001 0.4 011 079 9.03
2 IG 012 3152 001 019 0.19 0.84 8.62
2 . GradCAM 1088 1885 467 034 0.69 0.66 9.49
£2 Guided GradCAM 000 3168 0 0.14 012 0.89 10.24
=< Guided Backprop 038 3164 00l 015 0.12 0.77 9.16
s SHAP 025 3160 000 017 0.15 0.82 8.81
L-MAC (ours) 6025 4.84 3472 0.44 0.80 0.90 8.29
L-MAC - FT, )\, = 4 (ours) | 60.75 4.84 2934  0.44 0.83 0.64 9.38
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Quantitative Results - OOD (Audio Mixtures)

Metric | AL(t) AD () AG(f) FF(f) Fid-ln(f) SPS(f) COMP ({)
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L-MAC FT, A = 4 (ours) 5075 673 2600  0.39 078 0.84 10.51
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Smoothgrad 025 3166 001 0.4 011 079 9.03
2 IG 012 3152 001 019 0.19 0.84 8.62
2 . GradCAM 1088 1885 467 034 0.69 0.66 9.49
£2 Guided GradCAM 000 3168 0 0.14 012 0.89 10.24
=< Guided Backprop 038 3164 00l 015 0.12 0.77 9.16
s SHAP 025 3160 000 017 0.15 0.82 8.81
L-MAC (ours) 6025 4.84 3472 0.44 0.80 0.90 8.29
L-MAC - FT, )\, = 4 (ours) | 60.75 4.84 2934  0.44 0.83 0.64 9.38

We observe the same outcome on US8k as well! (See the appendix)
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User Study

1. How well does the explanation correspond to the part of the input
audio associated with the given class?

2. While evaluating, please pay attention to audio quality also.
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https://francescopaissan.it/lmac/user_study/l2i_companion/sample1/original.wav
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https://francescopaissan.it/lmac/ljspeech_int.wav

User Study

1. How well does the explanation correspond to the part of the input
audio associated with the given class?

2. While evaluating, please pay attention to audio quality also.

L21 Recordings Other Recordings

67.5 67.5
65.0 65.0
62.5 62.5
w0 60.0 w0 60.0
g 57.5 g 57.5
55.0 55.0
52,5 52.5
50.0 50.0

L-MAC L-MACFT L2| L-MAC L-MACFT L21

B Recording 1: B 00D (Speech):
» L-MAC » L-MAC
» L2l [NeurlPS’22] » L2l [NeurlPS’22]
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Conclusions

B We proposed a SOTA posthoc explanation method for audio
classifers.

B Our method is agnostic to classifier input representation.

B Our method provides understandable, listenable and faithful
explanations both in ID and OOD cases.

B Our code is available in SpeechBrain.

SpeechBrain
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B We proposed a SOTA posthoc explanation method for audio
classifers.

B Our method is agnostic to classifier input representation.

B Our method provides understandable, listenable and faithful
explanations both in ID and OOD cases.

B Our code is available in SpeechBrain.

SpeechBrain

Follow-up Work: LMAC ZS: Listenable Maps for Zero-Shot Classifiers

| ISTFT Listenable l

—> Interp.
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Appendix A:

More numbers

Metric ‘ Al (1) AD(l) AG(t) FF (1) Fid-In(1) SPS (1) COMP (l)
Classification on ESC50, White Noise Contamination, 38.6% accuracy
Saliency 0.25 26.31 0.02 0.05 0.06 0.79 10.92
Smoothgrad 0.00 26.37 0.00 0.04 0.09 0.84 10.62
IG 0.75 25.60 0.56 0.10 0.21 0.82 10.65
L21@0.2 0.00 19.41 0.21 0.11 0.04 36.62 7.32
GradCAM 8.87 20.88 1.24 0.28 0.51 0.69 11.25
Guided GradCAM | 0.50 26.23 0.05 0.07 0.11 0.91 10.14
Guided Backprop 0.25 26.30 0.02 0.05 0.07 0.79 10.92
SHAP 0.12 26.34  0.001 0.05 0.12 0.86 10.40
L-MAC (ours) 83.62 1.50 56.12  0.33 0.86 0.92 10.03
Classification on ESC50, LJSpeech Contamination, 79.3% accuracy
Saliency 0.87 26.00 0.20 0.06 0.11 0.75 11.10
Smoothgrad 0.50 26.14 0.11 0.05 0.13 0.79 10.91
IG 0.37 25.70 0.01 0.11 0.25 0.87 10.14
L21@0.2 1.75 29.49 0.27 0.15 0.18 0.79 9.56
GradCAM 20.37  13.49 2.63 0.28 0.73 0.66 11.33
Guided GradCAM | 0.25 26.10 0.09 0.06 0.11 0.88 10.30
Guided Backprop | 0.87 26.01 0.20 0.05 0.11 0.75 11.10
SHAP 0.00 26.14 0.00 0.06 0.16 0.79 10.81
L-MAC (ours) 70.75 273 39.64 0.33 0.83 0.93 9.70
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Appendix B: Even more numbers

Metric ‘ Al (1) AD(l) AG(f) FF(1) Fid-In(t) SPS(1) COMP (l) MM
Classification on ESC50, White Noise Contamination, 38.6% accuracy
Saliency 0.25 26.31 0.02 0.05 0.06 0.79 10.92 0.016
Smoothgrad 0.00 26.37 0.00 0.04 0.09 0.84 10.62 0.01
IG 0.75 25.60 0.56 0.10 0.21 0.82 10.65 0.01
L21©@ 0.2 0.00 19.41 0.21 0.11 0.04 36.62 7.32 0.12
GradCAM 8.87 20.88 1.24 0.28 0.51 0.69 11.25 0.18
Guided GradCAM | 0.50 26.23 0.05 0.07 0.11 0.91 10.14 0.01
Guided Backprop | 0.25 26.30 0.02 0.05 0.07 0.79 10.92 0.02
SHAP 0.12 26.34 0.001 0.05 0.12 0.86 10.40 0.004
L-MAC (ours) 83.62 1.50 56.12  0.33 0.86 0.92 10.03 0.06
All-ones baseline 0 0 0 0.34 1 N.A. N.A. 1
Classification on ESC50, LJSpeech Contamination, 79.3% accuracy
Saliency 0.87 26.00 0.20 0.06 0.11 0.75 11.10 0.02
Smoothgrad 0.50 26.14 0.11 0.05 0.13 0.79 10.91 0.08
IG 0.37 25.70 0.01 0.11 0.25 0.87 10.14 0.00
L21 @ 0.2 1.75 29.49 0.27 0.15 0.18 0.79 9.56 0.16
GradCAM 2037 13.49 2.63 0.28 0.73 0.66 11.33 0.22
Guided GradCAM | 0.25 26.10 0.09 0.06 0.11 0.88 10.30 0.01
Guided Backprop 0.87 26.01 0.20 0.05 0.11 0.75 11.10 0.02
SHAP 0.00 26.14 0.00 0.06 0.16 0.79 10.81 0.01
L-MAC (ours) 70.75 273 39.64 0.33 0.83 0.93 9.70 0.05
All-ones baseline 0 0 0 0.35 1 N/A N/A 1
B Speech 1: B Speech 2: B wWN 1: B WN 2:
» L-MAC » L-MAC » L-MAC » L-MAC
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https://francescopaissan.it/lmac/LJSpeech_3/o.wav
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https://francescopaissan.it/lmac/LJSpeech_4/o.wav
https://francescopaissan.it/lmac/LJSpeech_4/i.wav
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Appendix C: Fine-grained User Study Results
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