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Abstract

Deep Neural Networks (DNNs) deliver impressive perfor-
mance but their black-box nature limits deployment in high-
stakes domains requiring transparency. We introduce Compo-
sitional Function Networks (CFNs), a novel framework that
builds inherently interpretable models by composing elemen-
tary mathematical functions with clear semantics. Unlike ex-
isting interpretable approaches that are limited to simple addi-
tive structures, CFNs support diverse compositional patterns-
sequential, parallel, and conditional-enabling complex fea-
ture interactions while maintaining transparency. A key in-
novation is that CFNs are fully differentiable, allowing effi-
cient training through standard gradient descent. We demon-
strate CFNs’ versatility across multiple domains, from sym-
bolic regression to image classification with deep hierarchi-
cal networks. Our empirical evaluation shows CFNs achieve
competitive performance against black-box models (96.24%
accuracy on CIFAR-10) while outperforming state-of-the-art
interpretable models like Explainable Boosting Machines.
By combining the hierarchical expressiveness and efficient
training of deep learning with the intrinsic interpretability of
well-defined mathematical functions, CFNs offer a powerful
framework for applications where both performance and ac-
countability are paramount.

1 Introduction

The past decade has witnessed an unprecedented surge in
machine learning capabilities, driven largely by Deep Neu-
ral Networks (DNNs) (LeCun, Bengio, and Hinton 2015).
DNNs have revolutionized fields from computer vision
(Krizhevsky, Sutskever, and Hinton 2012) to natural lan-
guage processing (Vaswani et al. 2017), often achieving su-
perhuman performance through their ability to learn intri-
cate, hierarchical representations from vast datasets.

However, DNNs’ remarkable performance comes at a sig-
nificant cost: inherent opacity. Their complex, non-linear
transformations make it exceedingly difficult to understand
why a particular decision is made or how specific inputs in-
fluence outputs. This ’black-box” problem poses substantial
challenges in domains requiring transparency and account-
ability, such as healthcare, finance, and autonomous systems
(Gunning and Aha 2019).
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We propose Compositional Function Networks (CFNs) as
a novel machine learning paradigm that addresses the in-
terpretability challenge while maintaining the capacity to
model complex relationships. CFNs are built upon explicit
function composition, constructing sophisticated mappings
by systematically combining elementary, interpretable func-
tion nodes (e.g.. Gaussian radial basis functions, linear trans-
formations, or sinusoidal waves).

CFNs overcome traditional interpretable models’ limita-
tions through flexible composition operators-sequential, par-
allel, and conditional to build hierarchical structures capable
of representing highly complex functions. The parameters
learned by each function node retain their semantic meaning,
allowing direct interpretation of the model’s internal logic.
This interpretability is not an afterthought but an intrinsic
property of the CFN architecture.

Our contributions are threefold:

1. We introduce the formal framework of CFNs, detailing
their interpretable function nodes, composition mecha-
nisms, and theoretical underpinnings.

2. We develop a taxonomy of CFN architectural patterns en-
abling domain-specific adaptations while preserving in-
terpretability, from symbolic regression to deep hierar-
chical structures for computer vision.

3. We empirically demonstrate that CFNs achieve compet-
itive performance with black-box models while main-
taining interpretability advantages, with notable compu-
tational efficiency even in CPU-only implementations.

The remainder of this paper is organized as follows: Sec-
tion 2 positions our work within interpretable machine learn-
ing literature. Section 3 introduces CFNs’ foundational com-
ponents and training methodology. Section 4 explores di-
verse architectural patterns enabled by CFNs. Section 5
presents experimental results, including benchmarks and
case studies. Finally, Section 6 discusses implications, limi-
tations, and future research directions.

2 Related Work

The quest for interpretable machine learning has generated
diverse approaches that we organize into three categories:
post-hoc explanation methods, inherently interpretable mod-
els, and compositional approaches.



2.1 Post-hoc and Inherently Interpretable
Methods

Post-hoc methods explain black-box models without modi-
fying their structure. These include LIME (Ribeiro, Singh,
and Guestrin 2016), which approximates complex models
with simpler ones around specific predictions, SHAP (Lund-
berg and Lee 2017), which assigns feature importance val-
ues using game theory, and gradient-based attribution meth-
ods (Selvaraju et al. 2017). While valuable, these approaches
provide approximations rather than true insights into the
model’s decision-making process and can sometimes pro-
duce misleading explanations (Adebayo et al. 2018).

In contrast, inherently interpretable models are transpar-
ent by design. Traditional approaches include linear mod-
els and decision trees, which offer transparency but limited
expressiveness. More advanced models include Explainable
Boosting Machines (EBMs) (Nori et al. 2019) and Neural
Additive Models (NAMs) (Agarwal et al. 2021), which im-
plement Generalized Additive Models (GAMs) using gradi-
ent boosting and neural networks, respectively. While pow-
erful, these models are fundamentally additive and may
struggle with complex feature interactions. We benchmark
against both EBMs and XGBoost (Chen and Guestrin 2016),
the latter representing the upper bound of black-box model
performance on structured data.

2.2 Compositional and Symbolic Approaches

Several approaches share philosophical similarities with
CFNs. Symbolic regression via genetic programming (Koza
1992) discovers explicit mathematical formulas but can
be computationally intensive. Neural-Symbolic systems
(Garcez and Lamb 2022) combine neural learning with sym-
bolic reasoning but often involve complex integration chal-
lenges. Sum-Product Networks are deep probabilistic mod-
els with less semantically rich components than the diverse
mathematical functions in CFNs.

Recent efforts to improve deep learning transparency in-
clude Concept Bottleneck Models (Koh et al. 2020), which
force networks to learn through human-defined concepts,
and Network Dissection (Bau et al. 2017), which aligns
hidden units with semantic concepts. However, these ap-
proaches typically operate on traditional neural architectures
without fundamentally changing their black-box nature.

Our proposed CFNs offer a novel synthesis: they com-
bine the hierarchical learning capabilities of DNNs with the
intrinsic interpretability of well-defined mathematical func-
tions within an efficient, gradient-based optimization frame-
work. Unlike GAMs, they are not restricted to additive mod-
eling. Unlike symbolic regression, they scale to higher di-
mensions. And unlike many neural-symbolic systems, they
are trained end-to-end seamlessly.

3 Methodology

The CFN framework is built upon the principle of construct-
ing complex functions F'(z) through the systematic compo-
sition of elementary, interpretable function nodes. This sec-
tion details the core components, theoretical framing, and
training of CFNs.
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Figure 1: Overview of the Compositional Function Network
framework.

3.1 Framework Overview

At a high level, a CFN consists of three key components:

1. Function Nodes: Elementary mathematical operations
with interpretable parameters.

2. Composition Layers: Mechanisms for combining func-
tion nodes in different ways.

3. Architecture: The overall structure that defines how the
layers are arranged.

The power of CFNs comes from their ability to build com-
plex functions through composition while maintaining the
interpretability of each component. Figure 1 provides a vi-
sual overview of the framework.

3.2 Theoretical Foundation

A CFN is defined by its architecture and a set of parame-
ters ©. The goal of training is to find the optimal parameters
O that minimize a given loss function L over a dataset (X,
y), potentially with a regularization term R(©) to penalize
complexity:

O = arg ménE(I’y)N(X’y) [L(y, F(x;0))] + AR(©) (1)

The expressive power of CFNs stems from their com-
positional nature. By including function nodes like poly-
nomials or Gaussians, which are known universal function
approximators, and combining them through flexible oper-
ators, CFNs can theoretically approximate any continuous
function to an arbitrary degree of accuracy, similar to RBF
networks or multi-layer perceptrons.

To illustrate the concept, consider a simple regression
problem: approximating y = sin(z) + 2. A CFN could
model this as:

F(z) = fon(x) + fpoly(x) 2)

where fs;, is a Sinusoidal node with parameters close to
A=1w=1,¢ = 0and fpey is a Polynomial node with
parameters close to as = 1, a1 = 0, ag = 0. Unlike a neural
network, where the internal representations would be diffi-
cult to interpret, the CFN directly learns the interpretable
parameters of these mathematical functions.



3.3 Function Nodes

At the heart of CFNs are a library of fundamental func-
tion nodes, each representing a distinct mathematical oper-
ation f(z;0) with interpretable parameters §. Our frame-
work provides two complete implementations—PyTorch
and NumPy—with the PyTorch version offering a particu-
larly rich set of specialized nodes.

Basic Function Nodes

these foundational nodes:

¢ Linear: f(z) = Wz-+b, mapping inputs through a linear
transformation. )

* Gaussian: f(z) = exp(— |a"2;62‘ ), producing localized
activations around center ¢ with width w.

* Sigmoid: f(z) = (1 + exp(—s(x - d + 0))) ™!, creating
smooth transitions along direction d.

* Exponential: f(z) = Aexp(bz + c), where scale fac-
tor A, rate b, and offset c are learnable parameters. These
nodes are valuable for modeling growth and decay pro-
cesses, including compound effects.

* Polynomial: f(x) = Zio a;(z - d)*, modeling polyno-
mial relationships along direction d.

* Sinusoidal: f(z) = Asin(w(z-d)+ ¢), capturing oscil-
latory patterns with interpretable frequency, amplitude,
and phase.

* ReLU: f(x)
linear activation.

Both implementations include

max(0, ), providing standard non-

Advanced Function Nodes The PyTorch implementation
extends this foundation with specialized nodes:
* Image-Processing Nodes:

— Fourier: Captures frequency components in images
through a learnable Fourier basis.

— Gabor: Implements Gabor filters with learnable fre-
quency, orientation, and scale parameters.

— SharedPatch: Applies a shared function node to im-
age patches, similar to convolutional operations but
with greater flexibility.

* Deep Learning Nodes:

— GenericConv: A convolutional operation with learn-
able filters, used in the DeepCFN architecture.

— Pooling: Performs average or max pooling for spatial
dimensionality reduction.

— Dropout: Implements stochastic regularization to pre-
vent overfitting.

* Wrapper Nodes:

— Sequential Wrapper: Encapsulates a sequence of
function nodes as a single node, enabling hierarchical
model construction.

Each node is implemented to support automatic differen-
tiation—through PyTorch’s autograd system in the PyTorch
implementation, or through custom gradient computation in
the NumPy implementation. Careful initialization is key to
training stability; for instance, Linear node weights use He
initialization, while other parameters are set to sensible de-
faults based on their mathematical properties.

The diversity of available function nodes enables CFNs
to model a wide range of mathematical relationships. For
instance, in image processing tasks, the Gabor and Fourier
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nodes can capture specific visual patterns with interpretable
parameters that directly correspond to visual features like
orientation and frequency. This rich function library allows
domain experts to select nodes that align with the expected
mathematical structure of their problem, providing a strong
inductive bias while maintaining interpretability.

3.4 Composition Layers

The power of CFNs stems not just from individual function
nodes but from how they interact through composition lay-
ers. These layers organize function nodes into meaningful
computational structures while maintaining interpretability.

Sequential Composition Sequential composition pro-
vides the most straightforward approach, where functions
are applied in a chain: F(z) = f,(... fi(z)...). This mir-
rors the layer-by-layer processing found in traditional neural
networks but with each transformation being semantically
meaningful. For example, a sequential layer might first ex-
tract polynomial features and then apply a sigmoid transfor-
mation to produce probability outputs. Our implementation
ensures proper dimension checking between adjacent func-
tions, maintaining a clean data flow throughout the compu-
tational pipeline.

Parallel Composition Parallel composition enables mul-
tiple function nodes to process the same input simultane-
ously, creating rich feature representations. The outputs can
be combined through various operations:

e Sum: For additive models where each function con-
tributes independently

* Product: To capture interaction effects between different
feature transformations

» Concatenation: When preserving all outputs separately
is desired

* Weighted Sum: Where the importance of each func-
tion’s output is learned during training

This approach is particularly valuable for modeling com-
plex dependencies while maintaining the ability to assess
each component’s contribution. Our implementation en-
forces appropriate dimensional constraints based on the
combination method, ensuring that operations like summa-
tion only occur between compatible outputs.

Conditional Composition The most sophisticated com-
position mechanism is conditional composition, which im-
plements a mixture-of-experts approach. For a set of condi-
tion nodes {¢; } and expert nodes {g;}, the output is:

Fa) =Y =29 @)
i=1 Zj:l cj(x) +e

Here, each condition node produces a non-negative
weight (typically via sigmoid activation), and these weights
are normalized to sum to one. A small epsilon term (¢ =
10719) is added to the denominator to prevent numerical
instability. The condition nodes act as “selectors” that de-
termine which experts should handle the input. This creates
an adaptive model that can apply different strategies across
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the input space-for instance, using linear approximations in
simple regions and more complex functions in others.

Through these composition mechanisms, CFNs can repre-
sent highly sophisticated functions while preserving a clear
computational graph. Each mechanism creates a different
pattern of information flow, allowing model designers to
construct architectures that match their domain knowledge
about the underlying problem structure.

3.5 Training Process

CFNs are trained using standard gradient-based optimiza-
tion, managed by dedicated Trainer classes in both our Py-
Torch and NumPy implementations. Our training implemen-
tations include several essential features to ensure stable and
effective learning:

e Optimizer Selection: Both implementations support
Adam optimization with configurable hyperparameters.
The NumPy implementation also offers a simpler SGD
option.

¢ Gradient Clipping: To ensure numerical stability, espe-
cially with nodes like Exponential or Polynomial that can
produce large gradients, both implementations support
gradient norm clipping.

¢ Learning Rate Scheduling: Step-based learning rate de-
cay is implemented to fine-tune convergence.

* Regularization: The NumPy implementation explicitly
supports L2 regularization, while the PyTorch implemen-
tation leverages the built-in weight decay option in the
Adam optimizer.

« Early Stopping: To prevent overfitting, both implemen-
tations include patience-based early stopping that saves
the best model weights.

* Loss Functions: The PyTorch version accepts any Py-
Torch loss function, while the NumPy implementation
provides custom implementations of common loss func-
tions with appropriate gradient calculations.

e Performance Monitoring: Both trainers track training
and validation metrics throughout the learning process.

For image-based tasks, the PyTorch trainer automatically
handles reshaping of inputs, detecting 4D tensors (batches
of images) and flattening them appropriately for processing
by the network.

3.6 Implementation Details

We developed two complementary implementations of the
CFN framework:

e PyTorch Implementation: Our primary implementation
leverages PyTorch’s automatic differentiation, GPU ac-
celeration, and neural network primitives. This version
provides seamless integration with modern deep learning
workflows and enables the creation of complex architec-
tures like DeepCFN. Each function node and composi-
tion layer is implemented as a subclass of nn.Module.

e NumPy Implementation: We also developed a
lightweight, CPU-only implementation using NumPy.
This version includes custom implementations of

gradient-based optimization with manually implemented
backpropagation for each function node. This approach
enables detailed inspection of the gradient flow and
makes it possible to implement custom optimization
techniques.

Both implementations share the same conceptual founda-
tion and node library, following a factory pattern that allows
new node types to be registered and instantiated dynami-
cally. The key difference lies in how gradients are computed:
the PyTorch version relies on autograd, while the NumPy
version explicitly implements forward and backward passes
for each node type.

For all experiments, we ensure that model architectures
and hyperparameters remain identical across implementa-
tions, with the only differences being in the underlying com-
putational framework. This approach allows us to validate
the correctness of both implementations while leveraging
their complementary strengths.

4 CFN Architectural Patterns

The CFN framework’s flexibility allows it to be configured
into different architectural patterns for specific problem do-
mains. This section presents a taxonomy of reusable patterns
identified through our experimental work.

4.1 Pattern Taxonomy

Tabular Data Pattern Optimizes CFNs for structured tabu-
lar data with well-defined features.

* Structure: ParallelCompositionLayer with diverse func-
tion nodes — SequentialCompositionLayer for output
transformation.

» Key Characteristics: Feature extraction through parallel
transformation, followed by simple aggregation.

* Results: Achieves 98.4% and 100% accuracy on Breast
Cancer and Wine datasets while maintaining full inter-
pretability.

Symbolic Regression Pattern Discovers mathematical
relationships in data with known underlying structure.

* Structure: Targeted function nodes in simple composi-
tions with regularization favoring simplicity.

» Key Characteristics: Prioritizes parameter recovery and
explicit mathematical forms.

* Results: Accurately recovers sinusoidal patterns and pa-
rameters from noisy data.

Mixture of Experts Pattern Models complex functions
with region-specific behaviors using conditional composi-
tion.

* Structure: ConditionalCompositionLayer where condi-
tion nodes act as gates and function nodes as specialized
experts.

* Key Characteristics: Partitions input space into distinct
regions with specialized functions for each.

* Results: Successfully models spatially varying functions
by applying different mathematical forms to distinct re-
gions.

Deep Hierarchical Pattern Extends CFNs to handle
complex high-dimensional data like images.



e Structure: Hierarchical composition of specialized
nodes in a ResNet-inspired architecture.

¢ Key Characteristics: Maintains interpretability while
incorporating spatial awareness.

* Results: Achieves 93.79% accuracy on CIFAR-10 while
preserving node-level interpretability.

Hybrid Pattern Balances interpretability with state-of-
the-art performance techniques.

* Structure: Core CFN nodes augmented with selected
neural network components at computational bottle-
necks.

* Key Characteristics: Maintains component-level inter-
pretability while incorporating performance-enhancing
elements.

* Results: Achieves 96.24% accuracy on CIFAR-10 while
preserving key interpretability benefits.

4.2 Pattern Selection Guidance

Based on our experiments, we recommend:
» For maximum interpretability: Use the Tabular Data Pat-
tern.
» For physical systems or known mathematical relation-
ships: Use the Symbolic Regression Pattern.
e For functions with region-specific behaviors: Use the
Mixture of Experts Pattern.
 For complex perceptual data: Use the Deep Hierarchical
Pattern.
e When balancing performance and interpretability: Use
the Hybrid Pattern.
These patterns demonstrate how CFNs can be systemati-
cally tailored to different problem domains while maintain-
ing their core interpretability principles.

5 Experiments and Results

In this section, we evaluate the performance of CFNs on a
range of tasks and datasets, from simple synthetic problems
to complex real-world benchmarks.

5.1 Experimental Setup

Datasets We evaluate CFNs on the following datasets: Syn-
thetic Datasets:
¢ Advanced Regression: A 2D function with different be-
haviors in concentric regions.
e Spiral Classification: A classic non-linearly separable
dataset.
* Physics-informed Regression: Data from z(t) =
Asin(wt + ¢).
Real-World Datasets:
e Breast Cancer Wisconsin: Binary classification (569
samples, 30 features)(Dua and Graff 2019).
e Wine Recognition: Multi-class classification (178 sam-
ples, 13 features)(Dua and Graff 2019).
* Diabetes: Regression (442 samples, 10 features)(Efron
et al. 2004).
* CIFAR-10: Image classification (60,000 32x32 color im-
ages in 10 classes)(Krizhevsky 2009).
Data is split into 80% training and 20% validation sets and
standardized where appropriate.
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Computing Infrastructure All experiments were con-
ducted on a consistent hardware and software platform to
ensure fair comparisons. The specifications of the system
used are as follows:

* CPU: Intel Core i9-9900K @ 3.60GHz

* GPU: NVIDIA GeForce RTX 3090

* RAM: 32GB DDR4

* Operating System: Ubuntu 24.04 LTS

The PyTorch models were run using CUDA version 11.7.

Models and Training We compare four models:

* Manual CFN (PyTorch): A hand-designed CFN with a
generic architecture implemented in PyTorch, leveraging
GPU acceleration.

* Manual CFN (NumPy): The identical CFN architecture
implemented in our lightweight NumPy framework, run-
ning on CPU only.

* XGBoost: A state-of-the-art black-box gradient boosting
model.

* EBM: A state-of-the-art interpretable additive model.

For statistical robustness, all benchmark results are averaged
over 5 independent runs with different random seeds.

5.2 Benchmark Results

Tabular Data Performance The results show that CFNs
are competitive with or exceed the performance of estab-
lished models. For instance, on the Breast Cancer dataset,
the PyTorch-based CFN achieves the highest accuracy and
AUC. Notably, our NumPy-based CFN significantly out-
paces its PyTorch counterpart running on a GPU for these
datasets. This suggests that for datasets of this scale, the
overhead of GPU data transfer can outweigh the benefits of
parallel computation. Our streamlined NumPy implementa-
tion proves more efficient, highlighting that CFNs do not
force a trade-off between performance and transparency.

Hardware Efficiency Implications The CPU efficiency
of CFNs has broader implications. By leveraging mathemat-
ically expressive function nodes rather than many simple
neurons, CFNs create more computation-efficient models.
Each node performs meaningful operations that would re-
quire dozens or hundreds of traditional neurons to approxi-
mate. This efficiency has implications for:

* Edge Computing: CFNs can deliver sophisticated model-
ing on resource-constrained devices without GPU accel-
eration.

* Sustainable Al: The reduced computational footprint
aligns with growing concerns about the environmental
impact of Al development.

* Democratization: Reducing dependency on specialized
hardware makes advanced machine learning more acces-
sible.

5.3 Illustrative Case Studies

To demonstrate the practical applications and interpretabil-
ity of CFNs, we present case studies. Each highlights a dif-
ferent strength of the framework.

Case Study 1: Discovering Physical Laws from Data
Problem Description: A fundamental challenge in science



Breast Cancer | CFN (PyTorch/GPU) CFN (NumPy/CPU) XGBoost EBM

Accuracy 0.987 (£0.004) 0.984 (£0.007) 0.956 (£0.000)  0.974 (+0.000)
AUC 0.998 (£0.001) 0.996 (£0.001) 0.991 (£0.000)  0.996 (£0.000)
Time (s) 1.992 (£0.129) 0.667 (£0.206) 0.209 (£0.000)  60.354 (40.000)
Wine | CFN (PyTorch/GPU) CFN (NumPy/CPU) XGBoost EBM

Accuracy 1.000 (£0.000) 1.000 (£0.000) 0.944 (£0.000) 1.000 (£0.000)
AUC 1.000 (£0.000) 1.000 (£0.000) 1.000 (£0.000) 1.000 (£0.000)
Time (s) 0.455 (£0.226) 0.358 (£0.179) 0.050 (£0.000)  6.978 (£0.000)
Diabetes | CFN (PyTorch/GPU) CFN (NumPy/CPU) XGBoost EBM

RMSE 59.114 (+4.090) 51.194 (+0.580) 57.888 (£0.000) 51.441 (£0.000)
Time (s) 1.161 (£0.299) 0.430 (£0.067) 0.060 (£0.000)  5.961 (+0.000)

Table 1. Benchmark Results on Real-World Tabular Datasets.
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is to discover the underlying mathematical laws from ob-
servational data. We use a synthetic dataset generated from
the Simple Harmonic Motion (SHM) equation: z(t) =
Asin(wt + ¢), with known parameters (A = 2.0, w = 1.5,
¢ = m/4) and added Gaussian noise.

CFN Architecture: We constructed a CFN with a single
SinusoidalFunctionNode within a SequentialComposition-
Layer. The model takes time t as input and learns the three
interpretable parameters of the sine function: amplitude (A),
angular frequency (w), and phase (¢).

Results and Interpretation: After training, the CFN accu-
rately learned the underlying function with parameters:

e Amplitude (A): 1.9988 (True: 2.0)
* Frequency (w): 1.4999 (True: 1.5)
* Phase (¢): 0.7864 (True: 7/4 ~ 0.7854)

This case study exemplifies the power of CFNs for sci-
entific discovery, providing a transparent model that can be
validated against domain knowledge.

Case Study 2: Classifying Non-Linear Data with In-
terpretable Features Problem Description: This case study
uses the classic “spiral” dataset to demonstrate how CFNs
can model complex decision boundaries while maintaining
interpretability.
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Figure 3: Decision boundary for the spiral dataset.

CFN Architecture: We designed a CFN with a three-stage
architecture: a ParallelCompositionLayer with 12 different
function nodes (Gaussian, Sigmoid, Sinusoidal, and Polyno-
mial) for feature engineering, followed by a Sequential Com-
positionLayer with Linear and Sigmoid nodes, and a final
SequentialCompositionLayer with a Linear node for classi-
fication.

Results and Interpretation: The CFN achieved 99.67% ac-
curacy on the test set. By examining the learned parameters
of the function nodes, we can understand how the model
transforms the input space to make it linearly separable-a
feature absent in black-box models.

Case Study 3: Interpretable Classification on Tabular
Data Problem Description: The Breast Cancer Wisconsin
dataset involves 30 features computed from digitized images
of breast masses, with the goal of classifying a mass as be-
nign or malignant.

CFN Architecture: We employed a CFN with a Parallel-
CompositionLayer for feature engineering, including a vari-
ety of function nodes to extract different types of features,



Model Architecture Key Innovation Accuracy
CFN-Conv Hierarchical Conv Nodes 85.11%
DeepCFN Optimized Function Composition ~ 93.79%
Hybrid DeepCFN CFN-NN Integration 96.24%

Table 2. Performance evolution on CIFAR-10.

followed by a SequentialCompositionLayer with a Linear
node for classification.

Results and Interpretation: The CFN achieved 99.12% ac-
curacy (it is a separate experiment to the benchmarking) on
the test set. The interpretability stems from its architecture-
by examining the learned parameters, one can understand
which feature ranges or combinations are most indicative of
malignancy.

5.4 Scaling to Complex Tasks

For the CIFAR-10 dataset, we developed a series of CFN
architectures. Table 2 shows the evolution of our approach.

Our initial CNN-style implementation achieved 85.11%
accuracy. The ResNet-styled DeepCFEN reached 93.79%, ef-
fectively closing the gap with typical ResNet implemen-
tations while maintaining interpretability advantages. Most
significantly, our hybrid DeepCFN architecture achieves
96.24% accuracy, competitive with state-of-the-art mod-
els like WideResNet-28 (Zagoruyko and Komodakis 2016)
(96.00%) while preserving core interpretability benefits.
This demonstrates that the apparent trade-off between in-
terpretability and performance can be overcome through
thoughtful integration of CFN principles with selected neu-
ral network techniques.

Case Study 4: High-Performance Image Classification
with a Hybrid Deep CFN Problem Description: To test the
limits of the CFN framework, we tackled the CIFAR-10 im-
age classification benchmark.

CFN Architecture: We developed the Hybrid DeepCFN
architecture, which combines the interpretability of CFNs
with modern deep learning techniques. Built on a ResNet-
18 equivalent backbone using our specialized nodes, it
integrates batch normalization, attention mechanisms (SE
blocks), advanced regularization, and width scaling.

Results and Interpretation: The Hybrid DeepCFN
achieved 96.24% accuracy on CIFAR-10, competitive with
highly-optimized black-box models. While node-level in-
terpretability is partially abstracted by components like SE
blocks, the model retains a clear compositional structure,
allowing researchers to analyze the flow of information-a
level of transparency unavailable in traditional deep learn-
ing models.

5.5 Discussion

Strengths and Implications CFNs offer a unique combina-
tion of performance and transparency, allowing domain ex-
perts to engage directly with the model. Their modularity en-
ables the explicit encoding of prior knowledge, a significant
advantage in data-scarce domains. The hardware efficiency
also contributes to more energy-efficient Al development.
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Limitations Despite their strengths, CFNs face chal-
lenges:

* Interpretability-Performance Trade-off: For complex
tasks like image classification, achieving state-of-the-art
accuracy sometimes requires components that abstract
away some direct interpretability, though structural in-
terpretability is maintained.

* Architectural Design: The performance of a CFN de-
pends on selecting appropriate function nodes and archi-
tectural patterns. If the underlying function lacks a clear
compositional structure or if the library of function nodes
lacks optimal primitives, the inductive bias may be too
restrictive.

Managing these trade-offs is a key consideration for practi-
tioners and an important direction for future research.

6 Conclusion

This paper introduced Compositional Function Networks
(CFNs), a framework for building high-performance, inter-
pretable models through compositions of elementary mathe-
matical functions. Our work makes three key contributions:
formalizing the CFN framework, developing architectural
patterns for domain-specific adaptations, and demonstrating
competitive performance with inherent interpretability.

Our taxonomy of architectural patterns showcases CFNs’
flexibility across domains-from discovering physical laws
through symbolic regression to handling complex image
classification with hierarchical networks. Despite their in-
terpretability advantages, our empirical results show CFNs
achieve performance comparable to black-box models while
maintaining computational efficiency even without GPU ac-
celeration.

By providing transparency by design, CFNs offer a com-
pelling alternative to opaque models in critical domains
where understanding model decisions is paramount. This ap-
proach represents a significant step toward trustworthy Al
systems that can be readily inspected, understood, and vali-
dated.

6.1 Future Research Directions

The CFN framework opens several promising avenues for
future research:

Theoretical Foundations Further work is needed to for-
malize the expressive power of different CFN configurations
and establish theoretical guarantees on their approximation
capabilities.

Architecture Search for CFNs Developing efficient
methods for automated architecture discovery for CFNs
could involve genetic algorithms, reinforcement learning, or
Bayesian optimization to search the vast space of possible
architectures.

Expanded Node Library Future work could explore spe-
cialized nodes for unstructured data, such as interpretable at-
tention mechanisms for transformers or recurrent nodes for
sequence data.

Formalizing the Interpretability Trade-off Develop-
ing quantitative metrics to measure the trade-off between



model complexity and interpretability would provide valu-
able guidance for practitioners.

Uncertainty Quantification Integrating mechanisms for
uncertainty estimation, such as Bayesian variants of function
nodes, would provide reliable confidence scores for predic-
tions in high-stakes domains.

Applications to New Domains CFNs show particular
promise for scientific and medical applications where inter-
pretability is critical, potentially leading to new scientific in-
sights in fields such as genomics and climate modeling.

Ultimately, we believe the CFN paradigm can help bridge
the gap between performance and interpretability, fostering
greater trust and broader adoption of artificial intelligence in
science, industry, and society.
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