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“Who Am I? Ah, that’s the greatest puzzle” — Lewis Carroll

Erman Acar (Assistant Professor for Safe & Explainable AI in Finance)
Affiliation: Informatics Institute & Institute of Logic, Language and Computation, at UvA

A brief introduction

Research: XAI, Neurosymbolic Systems, Multi-agent Systems, Causality

?

Role: Leading Finesse Lab



Finesse Lab
Finance-inspired Neurosymbolic Systems


 for Safety & Explainability

Qualities

Causality-driven AI/

Circuit-Level Mechanisms 

Multimodal Reasoning

Safety & Control 

Multiagent Systems 

Research Theme  

Equation Discovery 

Explainability by design 

Foundation Models 
Forecasting 

Fraud Detection
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Finesse Lab
Finance-inspired Neurosymbolic Systems


 for Safety & Explainability

Promoting socially responsible, financially compliant AI Research.

Starting from societal and stakeholder needs, we try to address fairness, transparency, accountability, and recourse.

Finesse is built on SIAS principles.

For People

By People
 We integrate human expert knowledge directly into AI through rules, logic, policy constraints, and stakeholder values.

With People
Keeping humans in the loop, we see AI as a support for analysts, auditors, and citizens, not a black-box replacement.



What is Symbolic Regression? 



What is the law behind the data?

!
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y = sin(x1) + 3x2x3

Expression tree of (B1+B2+A11)-(B2*A12)

Symbolic Regression:

An old forgotten child of Machine Learning

Richard Feynman (1918-1988)

AI Feynman Dataset:

An arena for Symbolic Regressors 



Blooming of Symbolic Regression

Motivation                                    ECSEL                                             Results                                           Limitations                                           Conclusion            

This is a difficult problem: Symbolic Regression is NP-hard,  M. Virgolin, S. Pissis, 2022 



First Research Paper: 

Explainable Fraud Detection via 

Deep Symbolic Classification 

(XAI 2024) 

Samantha Visbeek
(Zanders) Floris den Hengst (ING & VU) E. A.



Deep Symbolic Regression

• Elements are sampled from a categorical distribution emitted by the RNN (A), on the library 𝐿 of elements in (B).

• The parent and sibling nodes of the next element are the next input to the RNN. 

• The sampling process ends when all branches reach the leaf nodes. 

• The resulting list [÷, sin, ×, 𝑐𝑜𝑛𝑠𝑡𝑎𝑛𝑡, 𝑥, log, 𝑦] is the preorder traversal of the syntax tree that represents sin(𝑐𝑥)/log(𝑦) (C). 

• The syntax tree (C) that can be reconstructed from the preorder traversal list from (A).

Image taken from Petersen et al. 2021 



Dataset 

(PaySim) 

https://www.kaggle.com/datasets/ealaxi/paysim1/data

•PaySim is a data set of simulated transactions based on proprietary real transactions

•  developed to provide researchers that exhibits statistical properties similar to a real payment transaction data set

•  Contains ∼ 6.3 million transactions over a period of a month 

•  Highly Imbalanced: with a fraudulent transaction rate of ∼ 0.13%. 



Results 

- Test set averaged over 5 runs: the baseline classification models with and without Random Undersampling (RUS)

- Split: 75% for training, 15% for validation, 10% for test. 

- The reward function  and a threshold value of 0.8 and the best expression obtained by DSC 

- Undersampling (RUS) yields a loss in excessive amount of information and causes overfitting.  

- k-NN and SVM  trained only with RUS. Otherwise, timeout after 50 hours due to high-class imbalance.

rF1



Pareto Front of Prediction vs. Complexity 

(Occam’s Razor) 

Complexity of Tokens 
Pareto Front of Performance vs. Complexity 

t = 0.7 

Complexity of an Expression 

The optimal expression selected w.r.t. adding more complexity to the expression does not result in a sufficient increase in the F1 score. 

  -  prevents overfitting 

  -  ensures that the expressions are not overly complex



Understanding the Best Expression

Complexity: 13

Boolean features: externalDest, type_cash-out, type_transfer

Non-negative numerical Features:  amount, maxDest7 

Decision Rule: (since t = 0.7)

rewriting w.r.t.  σ( f ) = 1/(1 + e−f )

Note that,  (1) amount − maxDest7 ≤ 0,  since maxDest7 includes current transaction

                  (2) type_cash-out and type_transfer are mutually exclusive (hence one-hot encoding)

Two Scenarios: 

A B

type_cash-out = 1:

type transfer_ = 1
Then, type_transfer = 0,  hence B  0.  But since, externalDest , , means no fraud. ≤ ∈ {0,1} f ≤ 0

Then, type_cash-out = 0, if externalDest = 0, A = 0, and no fraud. 
 if externalDest = 1,  fraud = 1 iff  f > 0.85

iff  B > 0.85
iff  amount - maxDest7 > -0.15  

Derived Decision Rule: fraud if type = transfer  externalDest = true  amount - maxDest7 > -0.15, legitimate otherwise.  ∧ ∧



It was a Master Thesis

Published in XAI World conference 2024

(Accepted and presented)

The thesis won the Amsterdam AI Thesis Awards 2023

Samantha Visbeek

Co-supervised by Floris den Hengst (ING)



Second Research Paper:

 ECSEL: Explainable Classification via Signomial 

Equation Learning (ICML 2026 - to appear)

 

PhD on Explainable AI for Fraud Detection

Business Analytics (ABS)

Socially Intelligent Artificial Systems Group (IvI)

E.A.Adia Lumadjeng
Professor of AI & Optimisation Techniques for 
Business & Society

Business Analytics (ABS)


Ilker Birbil.



A Closer Look at AI Feynman data set

Richard Feynman (1918-1988)

Udrescu, S.-M. And Tegmark, M. (2020): ’AI Feynman: A 
physics-inspired method for symbolic regression’. 
Science Advances, 6:eaay2631
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45% are signomial functions! 



Not only Physics:

 Signomials are everywhere!

For a good reason: they are easy to compact, easy to interpret and expressive!  

Expressivity Result:



Online Shopping Intention Example 

ECSEL

(Explainable classification via Signomial Equation Learning )



Interpretability Properties: Example

 Exact counterfactual 
scaling
(b)  Decision margin across 

scenarios
(c) Feature importance(a)  Gradient-based 

attributions
(d)



Symbolic Regression 
ECSEL vs. Generative Models



Back to the Fraud Detection (PaySim) 
Output

Equation (p > 0.904)

Performance



Final Takeaways
• Symbolic Regressions opens domain-specific explainable AI expertise to explain data. 

• Not only interesting for science, but also public sector, and many businesses both in regression and classification.

• So instead of a black box, you get a human-readable formula that explains exactly what the model is doing, by 
construction.

• Once the equation is obtained, easy to verify, on par with industry choice methods in accuracy. 

• It is objective; so no human bias, but you can impose still the domain knowledge (part of future research). 

• No post-hoc approximations, no proxy explanations, , no under or over sampling, the model 𝘪𝘴 the explanation. 

• The desirable properties imply more consistent and faster computation compared to post-hoc methods. 

• The secret sauce: signomials, expressive enough to capture complex patterns, simple enough to read. 

• More application on real-world data 



Thanks! 


