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Motivation HorNets Architecture

= Complex Data Modeling: Neural networks struggle with modelling logic in high O000

dimensions. T
= High-Dimensional Challenges: Limited instances in high-dimensional tabular data v

demand data-efficient models. de
= Neuro-Symbolic Integration: Combining neural networks with propositional logic ordatloe™®

enhances reasoning capabilities. D"S"mj’"‘e | C""“"l"”""m
. Curr_ent Model Limitations: Existing models often fail to handle both discrete and > PSEUDOVARIABLES > - ~

continuous data effectively. Y 0 [ mpwe
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= Qutput Range: Maps inputs to {-1, O, 1}, enabling logical interpretations.

= Logical Expressiveness: Capable of modeling negation and conjunction (AND, NOT).

= Probabilistic Link: Connects to zero-order (propositional) logic.
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Figure 1. PolyClip Activation Function

Modelling High-Dimensional Real-Life Biomedical Data

= Consistently ranks among the top three performers across 14 datasets,
outperforming strong baselines such as AutoML-based TPOT.
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IIIIIIIII IIIII We aim to model arbitrary binary logical clauses of the form OP({0,1}**%) — {0,1}¢,
HII HI where b > 2 and OP € {AND, XOR, NOT, XNOR}.
= Achieves perfect F1 scores on logical operations; and outperforms Logistic
’ ' II Regression, Random Forest, MLP, and TabNET.
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Figure 2. HorNets Architecture Overview

* Routing Operator (CatRouter): Distinguishes between discrete (Catint) and
continuous (LinAtt) data based on input cardinality (binary vs. high cardinality).

= Categorical Interaction Module (CatInt): Models feature interactions using
factorization and incorporates pseudovariables for efficient handling of higher-order
interactions. The key component is combActOp. This operator enables the traversal
of considered feature combination space with incremental factorization (and
activation).

F = combActOp(M, z, Comblindices), xy = dropout(F),

X1 = softmax(zg), xo=mx1-wW+b.

combActOp(M, x, Comblndices) =
F[:, combIndex] = polyClip(z[:, ComblIndices] - M[:, ComblIndices]),
= Linear Attention Module (LinAtt): Handles continuous data through linear attention

mechanisms and utilizes PolyClip activation for enhanced interpretability.

x
To = T1+-W+ b.

Ty = x1 = polyClip(zy) ® z,

- max(||z]|p,€)’

Key Takeaways

= State-of-the-Art Performance: HorNets excel on both synthetic and real-life

datasets.
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Novel Activation Function: Introduction of PolyClip with a link to propositional logic.

Routing Mechanism: Efficiently distinguishes between discrete and continuous data.

Logical Clause Retrieval: Capable of extracting interpretable logical expressions,
including noisy XNOR.

Superior to Baselines: Outperforms gradient-boosted trees and AutoML classifiers.



