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A brief introduction

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

_ Erman Acar (Assistant Professor for Safe & Explainable Al in Finance)

Affiliation: Informatics Institute & Institute of Logic, Language and Computation, at UvA

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

Role: Leading Finesse Lab

2
Finesse LLAB

Finance-inspired Neurosymbolic Systems
for Safety & Explainability

|
Adia Lumadjeng Andreas Sauter (VU) Angela van Sprang Arco van Breda
PhD Student PhD Student PhD Student PhD Student
Johannes Bendler (VU) Mayesha Tasnim Philip Wozny (VU) Raj Bhalwankar Satchit Chatterji
PhD Student PhD Student PhD Student PhD Student

PhD Student



FINESSE LAB

Finance-inspired Neurosymbolic Systems
for Safety & Explainability
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FiNEsSE LAB

Finance-inspired Neurosymbolic Systems
for Safety & Explainability

Promoting socially responsible, financially compliant AI Research.

For People

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

By People

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

With People

Keeping humans in the loop, we see Al as a support for analysts, auditors, and citizens, not a black-box replacement.
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Finesse is built on SIAS principles.




What 1s Symbolic Regression?



What 1s the law behind the data?

¢
6.674 x 10°""
6.674 x 1074
1.000 x 10—
5.000 x 10 *
8.000 x 10 **

4.000 x 10 *

1, kg

10

10

30

a0

100

1, kg

20

20

20

a0

40

80

10

FN

3.337 x 1077
8.343 x 1071
1.500 x 103
6.667 x 10 7
6.400 x 10 °

3.200 x 10 °



Symbolic Regression:
An old forgotten child of Machine Learning
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Al Feynman Dataset:
An arena for Symbolic Regressors

Richard Feynman (1918-1988)



Blooming of Symbolic Regression

Interpretable Machine Learning for Science
with PySR and SymbolicRegression.jl

Miles Cranmer'+

GFN-SR: Symbolic Regression with Generative Flow
Networks

I Princeton [miversity, Fricceton, VJ, USA
< Mairen Jastikute, New York, NY, U'SA

Mzy 2, 2023

Puhlsctad s¢ a coaference paper at 1C7 R 7121

DEEP SYMBOLIC REGRESSION:
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RECOVERING MATHEMATICAL EXPRESSIONS FROM
DATA VIA RISK-SEEKING POLICY GRADIENTS

Symbolic Regression

SymhalicGPT: A Generative Transformer Model for
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This 1s a difficult problem: Symbolic Regression is NP-hard, M. Virgolin, S. Pissis, 2022

Neural Symbolic Regression that scales

Lucs Biggio, Tommaso Bandine, Alexander Neitz, Aurelen Lucchi, Giambattista Parascandolo
Procecdings of the 28ch international Conference ot Maching Learning, PMLR 135:938-94€, 2021,
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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
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Elements are sampled from a categorical distribution emitted by the RNN (A), on the library L of elements in (B).

RNN:

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, X, 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



D ATASET
(PAYSIM)

Synthetic Financial Datasets For Fraud Detection

Synthatic datassts genargtec by the PaySim mokbi'e money simulater

Cata Card Code (258] Discussion [29)  Suggesticns (Q)
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¢ 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
e Contains ~ 6.3 million transactions over a period of a month

e Highly Imbalanced: with a fraudulent transaction rate of ~0.13%.

X
https://www.kaggle.com/datasets/ealaxi/paysiml/data



REsuLTS

method accuracy precision recall F1 score
RF + RUS 0.93 0.02 0.93 0.03
XGBoost + RUS 0.95 0.02 0.94 0.05
k-NN + RUS 0.94 0.02 0.83 0.03
SVM + RUS 0.95 0.02 0.70 0.03
RF 0.99 0.99 0.67 0.81
XGRBoost 0.99 0.98 0.70 0.82
DSC (average) 0.99 0.95(.01) 0.67 0.78
DSC (best expression) 0.99 0.95 0.67 0.78

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 rrand 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.



PArRETO FRONT OF PREDICTION VS. COMPLEXITY
(Occam’s Razor)

Pareto Front of Performance vs. Complexity

Complexity of Tokens
. /
token 7 complexity ¢ 0.76 F/
+, -, X, feature, constant 1 074 /
+, square 2 /
sin, cos 3 5 0.72 /
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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 X



UNDERSTANDING THE BEST EXPRESSION

[ = \/ externalDest + type_cash-out - (amount — maxDest7 + type_transfer)

. Complexity of Tokens
Complexity: 13 A B a P )
token r complexity ¢
Boolean features: externalDest, type_cash-out, type_transfer = 5 Eaattire. comstant ,
. . +, square 2
Non-negative numerical Features: amount, maxDest7 sin, cos 3
exp, log, square-root 4

Complexity of an Expression

Decision Rule: § = 1(fraud),if o(f) > 0.7, (since r=0.7)

g = 1(fraud),if f > 0.85.  rewriting w.rt. o(f) = 1/(1 + ™) C(f)=)Y_cn)

Note that, (1) amount — maxDest7 <0, since maxDest7 includes current transaction \ J

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

Two Scenarios: type_cash-out = 1:
Then, type_transfer = 0, hence B < 0. But since, externalDest € {0,1},f < 0, means no fraud.

type transfer_=1
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 A externalDest = true A amount - maxDest7 > -0.15, legitimate otherwise.



IT wAS A MASTER THESIS

Novernber 27, 2023 | half-day | New York City

Worksnop onExplainable Al In Finance

(Accepted and presented)

Samantha Visbeek

amsterdam ai

Call for Nominations is Open -
Amsterdam Al Thesis Awards

The Amslerdam Al Thesis Awards aim Lo promole
excellence in Al and Data Science from students at

the Rachelor and Master level in Amsterdam hased

e

Amsterdam-Al university partners (HvA, UvA, and
VU).

The 2nd World Conference on

eXplainable Artificial Intelligence

17-19 July. 2024, Malta. Valletta

Published in XAI World conference 2024
X

Co-supervised by Floris den Hengst (ING)



Second Research Paper:

ECSEL: Explainable Classification via Signomial
Equation Learning (ICML 2026 - to appear)

Adia Lumadjeng lIker Birbil.

PhD on Explainable Al for Fraud Detection Professor of Al & Optimisation Techniques for

Business Analytics (ABS) Business & Society

Socially Intelligent Artificial Systems Group (Ivl) Business Analytics (ABS)




A Closer Look at Al Feynman data set

Feynman | Equation Solution
eq. time (s)
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signomial function

Udrescu, S.-M. And Tegmark, M. (2020): Al Feynman: A
physics-inspired method for symbolic regression’.
Science Advances, 6:eaay2631

45% are signomial functions!



Not only Physics:
Signomials are everywhere!

Field Famous model Signamial form

Economics Cobb~Douglas Y — AK“L® Thisis a s'ngle monamial, so it is also a s'gnomizl. Used “cr output as &
production J utility function of capital and lakbor; generalized versions use 1_[,. z’ Wik padia

Economics | Generalized cost or Sums such as ¢ KOLY 4+ ¢ % + c; M®. These are ¢ assic signemial-programm ng

optimization production functions objects when cosfficients/exponents are unrestricted. »u2

Biology Kleiber’s law | B = nM** A moncmial relal ng melabolic rale lo body mass; the exponant 15

\ . | 1V odPR |
Theorem 3.1 (Universal Approximation for Signomials). Let D C R, be a compact subset of the positive orthant. Then
the set of signomials

K n
v v ' ~ B\.. — .
\"H . = I LLgeee ) = A L. e N, g ; €
Expressivity Result: §=18:8wieermn) =) ja J[ 4%, KeN oreR 6, eR ®)
k=1 i—=1
is dense in C(D,IR). That is, for any continuous function f : D —+ R and any ¢ > 0, there exists a signomial S ¢ S such
that
BUD |lf(@1y... @) —S(@y,...,20) | <€ (10)
(l‘],.. ,x,‘)ED
7 o T I lahR* - 7 g7 C N J v T
response wikiceds
Physics Newlanian gravity |/ F = Gvn.nn.gr_?. A moncmial signomial with a negative axponent.
invarse-square laws
Physics | chemistry Power-law rate laws r = kA*B? Mecnomial signomial; common in reaction kinetics and transperz modeling.
Engineering Drag or scaling laws Fy = cv?, P = cv?, or multi-term approximaticns such as av? — br + ¢. Polynomial-
like mcdels are signomials because integer powers are allowed.
. ] 3
For a good reason: they are easy to compact, easy to interpret and expressive! &l



ECSEL

(Explainable classification via Signomial Equation Learning )

ECSEL

AL
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Online Shopping Intention Example
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G2 Exact counterfactual compuatation
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74

D1 Closed-form margin sexsiivily
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"~ Decision-Level Effects

P

t R

L1 Exact atrbutons in log-space (K = 1|
L2 Closed-form gradien: atnbutions [K >~ 1)
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Interpretability Properties: Example
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(a) Feature importance
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Back to the Fraud Detection (PaySim

Output

Performance
Methodl Fl (%) Recall (%) Precision(%) ROC-AUC Threshold Time (s)
Logistic Regression  55.44 51.06 60.66 (0.9593 1.000 1642.8
Random Forest 88.50 34.01 93.50 0.9992 0.417 204.0
XGBoost 89.90 87.82 92.09 0.9998 0.989 8.5
ECSEL 79.08 68.10 94.27 0.9914 0.904 960.0
Equation (p > 0.904)
0.07 AO.CQ . PO.‘)3 0.00 OBol 42
— ’ ex0P-03 DO-16 . cp14 [ 0.06 p.ns +0.09- NBOUD | oxDU-07 . cpY.0E | pu.u6 piiis
Feature name Feature deseription | Type  Scaled Notes
Original numerical fealures
step Discrete time step of the transaction (1 hour per step) Continucus Yes | Transaction timestamp
amount Transecuen amount Conhnuous Yes Log-transformed
oldbalanceOry Origin account balance before ransaction Continuous Yes Log-transformed
newbalanceOriy Origin account alance after ransaction Conlinuous Yes Log-transformed
oldbatancelesi Desunation account balance before transacaon Continuous Yes Log-transformed
newhalancelDest Destination account balance atter transacdon Continuous Yes Log-transformed
Transaction type indicators (one-hot encoded)
Cashin (Cl) Cash-in transaction indicator Binary No One-hot encoded
CashOut (CO) Cash-ont transaction indicator Binary No One-hot encaded
Debit (D) Debat transaction indicator Binary No One-hot encoded
Pavment (P) Payment transaction indicator Binary No One-hot encoded
Transfer (T) Transfer wansaction indicaiar Binary No One hot encoded
Enginecred features
pet balance taken (PaaBT) Fraction of the arigin halance ransferred in the transaction | Continuous Yes Clipped ta |0, 1]
externalOrig Indicator that the ongin account 15 extemnal (both balances Binary No Iransaction-level rule
cqual zero)




FINAL TAKEAWAYS

e Symbolic Regressions opens domain-specific explainable Al expertise to explain data.

e 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.

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

e No post-hoc approximations, no proxy explanations, , no under or over sampling, the model /s the explanation.

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

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

e More application on real-world data
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