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Fairness, Accountability, Transparency, Explainability, Privacy etc.

Social aspects of Machine Learning share of accepted paper

10 %
1,899 papers have been accepted
5 %
NeurIPS 2019 2020
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Results of ethical review

e Qutcomes of 290 papers flagged for ethical
concerns

13 papers were ethically reviewed.

2 papers were accepted.

7 were conditionally accepted.

4 paper were rejected.

Machine learning has real-world impact

Ethical review

Statement added to the Call for Papers :
“Regardless of scientific quality or contribution,
a submission may be rejected for ethical
considerations, including methods, applications,
or data that create or reinforce unfair bias or
that have a primary purpose of harm or injury.”

Refer from NeurIPS2020 official Website
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Explainability beyond Rigorous evaluation
robustness

classification _ of explanation
explanation methods

Theoretical analysis Bias mitigation with
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Yoshua Bengio “From System1 Deep Learning to System2 Deep Learning” NeurlIPS 2019 https://youtu.be/T3sxeTgT4qc
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Data DNN

CIFAR-10 dataset : Learning Multiple Layers of Features from Tiny Images, Alex Krizhevsky, 2009.
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SDGs Data DNN Interface

5. Gender Equality
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12. Responsible Consumption - )
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16. Peace, Justice,
and Strong Institutions
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Fairness Accountability Transparency (FAT)

Improving accuracy is an approach to the FAT issues

Visualization
* Data cleansing XAI shows the reason of judgement

* Fairness check/definition/solution

*Data bias mitigation Understanding

* Learning Mechanism Humans understand the reason

* Model debugging XAE

* Adversarial defense Feedback
*Robusthess XAI corrects Al
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Grad-CAM

Deep learning (¥EC&HTVNBDIEE5H ?

Rectified Conv Feature Maps E{RSEE
225/ FC Layer activations ~ Image classification
/]
CNN > — — —
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Back propagation
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STL-10 dataset : Adam Coates, Honglak Lee, Andrew Y. Ng An Analysis of Single Layer Networks in Unsupervised Feature Learning AISTATS, 2011.

AN
AN

Ramprasaath R. Selvaraju, Michael Cogswell, Abhishek Das, Ramakrishna Vedantam, Devi Parikh, Dhruv Batra.
Grad-CAM: Visual explanations from deep networks via gradient-based localization. Proceedings of the IEEE

International conference on comiuter vision, iaies 618 - 626, 2017.



LIME
LIME (Local Interpretable Model-agnostic Explanation)
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Locally Iiéear separation

Peripheral data
LIME sampling

Cases to be judged
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Marco Tulio Riberio, Sameer Singh, and Carlos Guestrin. "Why shoud I trust you?" Explaining the predictions of any classifier.
Proceedings of the 22nd ACM SIGKDD International conference on knowledge discovery and data mining, pages 1135 - 1144, 2016.
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Scott M Lundberg and Su-In Lee. A Unified Approach to Interpreting Model Predictions.
In Advances in Neural Information Processing Systems 30, pages 4768—4. 2017.
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Smooth Grad

Daniel Smilkov, Nikhil Thorat, Been Kim, Fernanda Viegas, and Martin Wattenberg. SmoothGrad: removing noise by adding noise.
arXiv:1706.03825, 2017.
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U ‘- 5 FEq * Fashion-MNIST : a Novel Image Dataset for Benchmarking Machine Learning Algorithms. Han Xiao, Kashif Rasul, Roland Vollgraf. arXiv:1708.07747
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Attention Branch Network
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H. Fukui, T. Hirakawa, T. Yamashita, and H. Fujiyoshi. Attention branch network: Learning of attention mechanism
for visual explanation. In The IEEE Conference on Computer Vision and Pattern Recognition (CVPR), June 2019.
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Basis for judge
Grad-CAM
LIME
SHAP

Smooth Grad

Attention Branch Network

F—ADERE
Data influence

SGD influence

Influence functions

Tracln
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Data uncertainty

MC dropout
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Satoshi Hara, Atsushi Nitanda, and Takanori Maehara. Data cleansing for models trained with SGD.
In Advances in Neural Information Processing Systems, pages 4215-4224, 2019
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SGD influenceld, BEET -z I IENTES.
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Deep learning requires a large amount of data and labeling

Current issues

- Require a large amount of data

- Uniformly correct of high-quality data
- Need to label data

- Require domain knowledge for labeling

Goal

Automatically clean
data of DNN

Method

Results

Use data cleansing on
Neural Network Console
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Which data should be removed to improve accuracy ?
How can we know the influence of a piece of data on DNN ?

B :model parameter

0O00000CLPDOOL 0D
T T T T " S R U B R T A |
2d 2223272242332 2 -
D, z : data
Yo FrY 49y Fyddynyy " .
':‘. <:| siesssiirserics Positively increase I loss function
¢ Cbbb i ¢ ) .
T72971HTANI PRI 7T influential '
7 Y2 F SR8 FFPELPTETEL S
$49999%9494994449 9

: : Negativel decrease =~ Li i
Identify negatively L ey @ Small loss = Linear influence

influential data

Remove negatively
influential data Retrain ACCLLIII;aCy

Issue
It takes an enormous amount of time to remove the data one by one and retrain.
‘Approach ‘

Estimate without retraining
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Table 1 : Cache size of the parameters in training

Methods Cache Cache size (GB)
MNIST  CIFAR10
All parameters 6 x T x k 38.64 30.90

Hara et al. 0 xT 1.932 1.545
Ours 0 0.001236 | 0.001236
T—Ftv b~ MNIST
WERFEEREFEODT—HIL OS>V 1EHEE
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Garima Pruthi, Frederick Liu, Mukund Sundararajan, Satyen Kale
Estimating Training Data Influence by Tracing Gradient Descent, NeurlPS2020.
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WTBINA AHESE Approximate Bayesian inference

MC dropout(d. T—ADREEEZRI EN TED.
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Relationship between estimates and uncertainties (standard deviation)

MC Dropout layer
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Visual Transformerld, ImageNet®D E{REDFHKIEE 290% T
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Vision Transformer(ViT)
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Alexey Dosovitskiy, Lucas Beyer, Alexander Kolesnikov, Dirk Weissenborn, Xiaohua Zhai, Thomas
Unterthiner, Mostafa Dehghani, Matthias Minderer, Georg Heigold, Sylvain Gelly, Jakob Uszkoreit, Neil Houlsby
An Image is Worth 16x16 Words: Transformers for Image Recognition at Scale, ICLR 2021



Vision Transformer (ViT) Explainability
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Hila Chefer, Shir Gur, Lior Wolf, Transformer Interpretability Beyond Attention Visualization, CVPR 2021
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https://www.youtube.com/c/NeuralNetworkConsole https://www.youtube.com/channel/UCOELxR-yS2EbjBxQ0hx4yBw
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