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Why? — deep learning in a nutshell
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Face matching — challenges & solutions
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Stadelmann, Amirian, Arabaci, Arnold, Duivesteijn, Elezi,
Geiger, Lorwald, Meier, Rombach & Tuggener (2018).

«Deep Learning in the Wild». ANNPR’2018.

Zircher Fachhochschule

Image
Quality
Measure

[ analytics + CNN + FCNN ]




Face matching — challenges & solutions

ID
Detection &
classification

[ DL ENSEMBLE ]

Zircher Hochschule
fur Angewandte Wissenschaften

zh
aw

Schweizerische Eidgenossenschafl
Cantederazione Svizzara
Confederaziun svizig

Swiss Confederation

Innosulsse - Swiss Innovation Agency

A

face image

User Replay
Action Attack
Prediction > Detection
[ CNN + FCNN ] [ DL ENSEMBLE ]
Image Face Face
Orientation Detection Matching
Detection > >
[ DL ENSEMBLE ] [ MTCNN ] [ CNN + FCNN ]

Error @
Handling

Stadelmann, Amirian, Arabaci, Arnold, Duivesteijn, Elezi,
Geiger, Lorwald, Meier, Rombach & Tuggener (2018).
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Face matching — challenges & solutions
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Music scanning — challenges & solutions
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Tuggener, Elezi, Schmidhuber, Pelillo & Stadelmann (2018). «DeepScores — A Dataset for Segmentation, Detection and Classification of Tiny Objects». ICPR’2018.

Tuggener, Elezi, Schmidhuber & Stadelmann (2018). «Deep Watershed Detector for Music Object Recognition». ISMIR’2018.
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Tuggener, Elezi, Schmidhuber, Pelillo & Stadelmann (2018). «DeepScores — A Dataset for Segmentation, Detection and Classification of Tiny Objects». ICPR’2018.

Tuggener, Elezi, Schmidhuber & Stadelmann (2018). «Deep Watershed Detector for Music Object Recognition». ISMIR’2018.
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Tuggener, Elezi, Schmidhuber, Pelillo & Stadelmann (2018). «DeepScores — A Dataset for Segmentation, Detection and Classification of Tiny Objects». ICPR’2018.

Tuggener, Elezi, Schmidhuber & Stadelmann (2018). «Deep Watershed Detector for Music Object Recognition». ISMIR’2018.
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Speaker clustering
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Speaker clustering — exploiting time information

CNN (MLSP’16)
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030 60 80
spectra (1 second)

spectrogram

Method MR MR (legacy)
RNN /w PKLD 2.19% (L2A+2.5%+1.95%+3.75% ) 4 38% (average of 4 runs)
CNN /w PKLD [24] - 5%

CNN /w cross entropy [23] - 5%

v-SVM [40] 6.25% -
GMM/MFCC [40] 12.5% -

Lukic, Vogt, Durr & Stadelmann (2016). «Speaker Identification and Clustering using Convolutional Neural Networks». MLSP’2016.
Lukic, Vogt, Dirr & Stadelmann (2017). «Learning Embeddings for Speaker Clustering based on Voice Equality». MLSP’2017.
Stadelmann, Glinski-Haefeli, Gerber & Durr (2018). «Capturing Suprasegmental Features of a Voice with RNNs for Improved Speaker Clustering». ANNPR’2018.

Zircher Fachhochschule

Zircher Hochschule
fir Angewandte Wissenschaften

Z
aw

19



Zircher Hochschule
fir Angewandte Wissenschaften

Speaker clustering — exploiting time information Zh
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Lukic, Vogt, Durr & Stadelmann (2016). «Speaker Identification and Clustering using Convolutional Neural Networks». MLSP’2016.
Lukic, Vogt, Dirr & Stadelmann (2017). «Learning Embeddings for Speaker Clustering based on Voice Equality». MLSP’2017.
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Stadelmann, Glinski-Haefeli, Gerber & Durr (2018). «Capturing Suprasegmental Features of a Voice with RNNs for Improved Speaker Clustering». ANNPR’2018.
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Speaker clustering — exploiting time information Zh
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Lukic, Vogt, Durr & Stadelmann (2016). «Speaker Identification and Clustering using Convolutional Neural Networks». MLSP’2016.
Lukic, Vogt, Dirr & Stadelmann (2017). «Learning Embeddings for Speaker Clustering based on Voice Equality». MLSP’2017.
Stadelmann, Glinski-Haefeli, Gerber & Durr (2018). «Capturing Suprasegmental Features of a Voice with RNNs for Improved Speaker Clustering». ANNPR’2018.
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Speaker clustering — learnings & future work
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«Pure» voice modeling seem largely solved

«  RNN embeddings work well (see t-SNE plot of single segments)

* RNN model robustly exhibits the predicted «sweet spot» for the used time information

» Speaker clustering on clean & reasonably long input works an order of magnitude better (as predicted)

« Additionally, using a smarter clustering algorithm on top of embeddings makes clustering on TIMIT as
good as identification (see ICPR’18 paper on dominant sets)

Future work

« Make models robust on real-worldish data (noise and more speakers/segments)
» Exploit findings for robust reliable speaker diarization

» Learn embeddings and the clustering algorithm end to end

Hibraj, Vascon, Stadelmann & Pelillo (2018). «Speaker Clustering Using Dominant Sets». ICPR’2018.
Meier, Elezi, Amirian, Durr & Stadelmann (2018). «Learning Neural Models for End-to-End Clustering». ANNPR’2018.

Zircher Fachhochschule 2



Zircher Hochschule
fur Angewandte Wissenschaften

Lessons learned
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Data is key.

« Many real-world projects miss the required quantity & quality of data
- even though «big data» is not needed

+ Class imbalance needs careful dealing
—> special loss, resampling (also in unorthodox ways)

Robustness is important.
« Training processes can be tricky

—> give hints via a unique loss, proper preprocessing and pretraining
« Risk minimization instead of error minimization

—> detect all defects at the expense of lower precision

Zurcher Fachhochschule 23



Zircher Hochschule
fur Angewandte Wissenschaften

Lessons learned — model interpretability

|
Interpretability is required. BW-TEC:

» Helps the developer in «debugging», needed by the user to trust et iz
-> visualizations of learned features, training process, learning curves etc. should be «always on» _
negative X-ray positive X-ray

Stadelmann, Amirian, Arabaci, Arnold, Duivesteijn, Elezi, Geiger, Lorwald, Meier, Rombach & Tuggener (2018). «Deep Learning in the Wild». ANNPR’2018.
Schwartz-Ziv & Tishby (2017). «Opening the Black Box of Deep Neural Networks via Information».
https://distill.pub/2017/feature-visualization/, https://stanfordmlgroup.qgithub.io/competitions/mura/
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Lessons learned — model interpretability

Interpretability is required.

* Helps the developer in «debugging», needed by the user to trust
-> visualizations of learned features, training process, learning curves etc. should be «always on»

negative X-ray positive X-ray
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DNN training on the Information Plane
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Stadelmann, Amirian, Arabaci, Arnold, Duivesteijn, Elezi, Geiger, Lorwald, Meier, Rombach & Tuggener (2018). «Deep Learning in the Wild». ANNPR’2018.

Schwartz-Ziv & Tishby (2017). «Opening the Black Box of Deep Neural Networks via Information».
https://distill.pub/2017/feature-visualization/, https://stanfordmligroup.github.io/competitions/mura/
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Lessons learned — model interpretability

|
Interpretability is required. BW-TEC:

» Helps the developer in «debugging», needed by the user to trust et iz
-> visualizations of learned features, training process, learning curves etc. should be «always on» _
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Learning Curve: Naive Bayes
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Stadelmann, Amirian, Arabaci, Arnold, Duivesteijn, Elezi, Geiger, Lorwald, Meier, Rombach & Tuggener (2018). «Deep Learning in the Wild». ANNPR’2018.
Schwartz-Ziv & Tishby (2017). «Opening the Black Box of Deep Neural Networks via Information».
https://distill.pub/2017/feature-visualization/, https://stanfordmlgroup.qgithub.io/competitions/mura/
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Interpretability is required.

» Helps the developer in «debugging», needed by the user to trust O G
- visualizations of learned features, training process, learning curves etc. should be «always on» 32522',?{;12,_113: _
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Stadelmann, Amirian, Arabaci, Arnold, Duivesteijn, Elezi, Geiger, Lorwald, Meier, Rombach & Tuggener (2018). «Deep Learning in the Wild». ANNPR’2018.
Schwartz-Ziv & Tishby (2017). «Opening the Black Box of Deep Neural Networks via Information».
https://distill.pub/2017/feature-visualization/, https://stanfordmlgroup.qgithub.io/competitions/mura/
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Goody —trace & detect adversarial attacks
...using average local spatial entropy of feature response maps

Original  Adversarial ~ Original  Adversarial

Image:

Feature response:

Local spatial entropy:

Amirian, Schwenker & Stadelmann (2018). «Trace and Detect Adversarial Attacks on CNNs using Feature Response Maps». ANNPR’2018.
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» Deep learning is applied and deployed in «normal» businesses (non-Al, SME)

« It does not need big-, but some data (effort usually underestimated)

 DL/RL training for new use cases can be tricky (= needs thorough experimentation)
 New theory and visualizations help to debug & understand

-> the training process
- individual results

datalab

www. zhaw.ch/datalab

swiss group for artificial intelligence
and cognitive science

5 » 0

Swiss Alliance for
Data-Intensive Services

Zurcher Fachhochschule

On me:
+ Head ZHAW Datalab, vice president SGAICO, board Data+Service
» thilo.stadelmann@zhaw.ch
« 0589347208

»  https://stdm.qithub.io/

On the topics:

* Al https://sgaico.swissinformatics.org/

+ Data+Service Alliance: www.data-service-alliance.ch
* Collaboration: datalab@zhaw.ch

=>» Happy to answer questions & requets.
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