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eXplainable Artificial Intelligence

Scientists unlock the 'Cosmos’' on the Antikythera Mechanism, the world's first computer, Livescience
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https://www.livescience.com/antikythera-mechanism-worlds-first-computer-modeled.html
https://www.springer.com/gp/book/9783030686390

Mainstream approach to XAI

What variables have contributed
to a given output of a model?

Biecek P., Burzykowski T. (2020). Explanatory Model Analysis. online
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The map of XAI
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Du, M., Liu, N., & Hu, X. (2019). Techniques for interpretable ML. Communications of the ACM, 63(1). 68-77.
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task
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Du, M., Liu, N., & Hu, X. (2019). Techniques for interpretable ML. Communications of the ACM, 63(1). 68-77.
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https://github.com/sbobek/inxai
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what it measure?

To what extent different explainers for
predictions of ML model(s) are similar to
each other

For given explainer, are explanations
similar for similar input, measured with local
Lipschitz continuity in the fixed
neighborhood of any datapoint

For given explainer, how accuracy
deteriorates as the data get progressively
perturbed, according to their inverse
importance in explanation

when to use?

At the beginning of the pipeline:
model/explainer selection

Given model with satisfactory
explainer, choose similar one

Towards the end of the pipeline: provide
end user with model/explainer with
predictable explanations

Compare performance
of different explainers

Assert ensemble with good
aggregate performance
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Local explainers
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Biecek P., Burzykowski T. (2020). Explanatory Model Analysis. Online.
Lundberg S.M., Lee S. (2017). A unified approach to interpreting model predictions.
In Proceedings of the 381st NIPS'17. Curran Associates Inc., Red Hook, NY, USA, 4768-4777.
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ICCS 2021
“Explanation-driven model stacking”

How to have better explanations
with InXAl framework?

Bobek S., Mozolewski M., Nalepa G.J. (2021) Explanation-Driven Model Stacking. In: Paszynski M.,
Kranzlmiller D., Krzhizhanovskaya V.V., Dongarra J.J., Sloot P.M.A. (eds) Computational Science - ICCS
2021 . ICCS 2021. Lecture Notes in Computer Science, vol 12747. Springer, Cham.
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Ensemble model

Weighted sum of several classifiers

B (Qla) = EaPLQ
Dk Wk
Zwk >0; wg >0

k

Optimise wyg for the selected InXAI metric, while keeping “standard”
metrics for ML models at a decent level
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Metrics for ensemble model

Ensemble Inner Consistency
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Optimization of weights of ensemble
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“Toy” example: binary classifier

model F1l-score
SRR abbreviation ACCUEALY, Seare class ”0” class ”1”
SVMClassifier with RBF kernel  svc_radial 0.76 0.78 0.73
SVMClassifier with linear kernel ~ svc_lin 0.83 0.80
XGBClassifier xghbc 0.74 0.76 0.72
RandomForestClassifier rfc 0.74 0. 77 0.70
CatBoostClassifier cthe 0.66 0.65
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InXAI metrics for SHAP explainer

80

-0.025
{ctbc, rfc}  {ctbc, xgbc}  {rfc, svc_lin} {rfc, svc_radial}  {rfc, xgbc} {svclin,  {svc_lin, xgbc} o 2 X 59
sycin svc:radial e svc_radial 3 Percentile of perturbation range

Stability per unit model Pairwise consistency AUC Perturb. Acc. Loss
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meta-parameter

Results and conclusions

weights for models

metrics

#* after optimization

AUC Stabi- Consis- ) . .|model AUC Stabi- Consis-

acc. loss -lity -tency Sl e @ SUESLILE: SvCEEaai acc. acc. loss -lity -tency
1| 1.0 1.0 1.0 [.000087 .363524 .000031 .272740 .363619 | 0.76 0.060 0.872 0.895
2 1.0 1.0 [.000042<499893>.000025 .000004 0.73 0.858 0.862
3a] 1.0 3.0 1.0 [.000007 .315697 .000021 .312844 .371430 | 0.77 0.062 0.874 0.899
3b| 1.0 1.0 |.000021 000013 .000020¢499952>499993%} 0.77  0.059 (©.887> 0.871
4al 1.0 1.0 3.0 |.000062 .318573 .000074 .310580 .370711 | 0.77 0.064 0.874 0.899
4b| 1.0 1.0 000026 293124> -()000 37.. 0.77  0.067 0.876
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€i§ — InXAI: Time Series
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Supratak A., Guo Y. (2020), TinySleeplet: An Efficient Deep Learning Model for Sleep Stage Scoring based on
Raw Single-Channel EEG.
Berry R. B. (2011), Fundamentals of Sleep Medicine, 1st Edition, Elsevier.

github.com/flower-kyo/Tinysleepnet-pytorch en.wikipedia.org/wiki/K-complex
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Expert clustering Automated clustering

qithub.com/sbobek/knac
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Human in the loop
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Time series Deep learning

qithub.com/vrodriquezf/deepvats
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Summary

1. InXAl /Beyond feature importance
2. KnAC/Human-in-the-Loop
3. DeepVATS / Time Series clustering
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Questions & Answers

Thank you!
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