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Problem Statement

Single-label Multi-label

* Speech recognition * Image tagging
- Handwriting recognition * Acoustic scene recognition
« Language recognition * Functional genomics:
predicting the gene
T functional classes

L Comparison: None

il Indication: Burmese male
has complete TB treatment

Findings: Both lungs are
clear and expanded with
no infiltrates. Basilar focal
atelectasis is present in the
lingula. Heart size normal.
Calcified right hilar XXXX
are present

Dog 100%
Corgi 100%
Canine 717%

MeSH
Major
Animgit » " Pulmonary Atelectasis
Cute B% weagh § /lingula / focal
.- i Calcinosis
4 / lung / hilum / right
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Impression: No active disease.



Problem Statement

* Multi-label acoustic event detection
- Find most relevant subset of labels

ww w?»«- M*Iw

{ Audio Tagging System J

Female speech J

Percussive soun ds

Video game ] Ref.: [1]

\/
a PR Maximal Figure-of-Merit Embedding for Multi-label Audio Classification iﬁ MBI

AAAAAA



Problem Statement

* Multi-label acoustic event detection

- Training data

T={X,y)li=L,N} X,cRP yie{0,1}¥

- Learn a mapping 4

G: X—=VY

- Performance measure:

FAR FRR

EER

tage of times a false reject (FFR)
ccept (FAR)

and false a

Percen

equal error rate (EER)

Sensitivity / level of secur ity
Note: cardinality |Y|=2M M =7
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Dataset

* DCASE 2016 challenge: CHIME-Home dataset [2]
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Dataset

* Labels distribution: 56 unique labels
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Dataset

* |nter-connection of labels

other
as|ou puegpeolq
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Baseline Method

* Model: CNN-RNN
* Output: sigmoid scores
* Objective function: binary cross-entropy (BCE)
* Problem
- Ignores labels dependence
- Indirect optimization of the performance measure (EER)
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MFoM: intuition & motivation

* Example: label dependence as “units-vs-zeros”, e.q. y'=[1, 0, 1]

X
() -target

V1 = —3g1 + g9 () - confusing

1
ng = — @ + In {§ (691 i 893)}

Y3 = —g3 + g2

ST SR SRS
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MFoM: intuition & motivation

1) Misclassification measure: “units-vs-zeros”

Confusing

_ _§ g 10}

k — index of class, I — set of indices

2) Smooth error function (I - scores)
B 1
1 + exp |[—arr — Bk

Ui ap, Br — scale and shift parameters
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MFoM: intuition & motivation

Example: MFoM-transformation, i.e. /- scores

I =MFoM(g,y)
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True Positive Rate

MFoM: intuition & motivation

* MFoM-transformation is the contraction mapping, w.r.t.
EER metric
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Sigmoid scores, g I = MFoM(g, y) > = MFOM(II, y)

« Usel-scores as the “soft labels”
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Proposed Method: MFoM-embedding

Model: CNN-RNN
Output: sigmoid scores
Objective function: binary cross-entropy with MFoM

Soft-labels [ - scores

Embed MFoM

UNIVERSITY OF
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Results

* More than 9% relative improvement

25 I Baseline

mm MFoM-embedding

EER

%,

o
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Results

Comparison with the other models. Metric is AvQEER, %

Fold# | GMM [6] | CNN [23] | CRNN [9] | Jsce | JMFoM
1 24.2 16.0 15.3
2 17.1 11.4 10.7
3 17.7 9.3 7.9
4 20.2 13.9 13.8
5 25.3 . : 18.0 14.4

Avg. 20.9 16.6 13.0 13.6 124
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Conclusion

* Applied MFoM transformation to optimize EER metric
* Embed MFoM into DNN objective function

* Instead of using “hard” (0/1) labels, used “soft” MFoM labels
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Thank you for your attention!

lvan Kukanov
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Take Away

* Optimization tricks: use Adadelta optimizer
* Scale and shift (e, 5k) parameters optimize as in BatchNorm
* Properties of MFoM-transformation

- a.k.a. soft-labels (Dark-knowledge [3])

- Contraction mapping, w.r.t. EER metric

- t-SNE and AUC proof
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