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Explaining with trees: interpreting CNNs using hierarchies
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Abstract

Challenges remain in providing interpretable explanations for neural network decision-making
in explainable AI (xAI). Existing methods like Integrated Gradients produce noisy maps,
and LIME, while intuitive, may deviate from the model’s internal logic. We introduce
a framework that uses hierarchical segmentation techniques for faithful and interpretable
explanations of Convolutional Neural Networks (CNNs). Our method constructs model-based
hierarchical segmentations that maintain fidelity to the model’s decision-making process and
allow both human-centric and model-centric segmentation. This approach can be combined
with various xAI methods and provides multiscale explanations that help identify biases and
improve understanding of neural network predictive behavior. Experiments show that our
framework, xAiTrees, delivers highly interpretable and faithful model explanations, not only
surpassing traditional xAI methods but shedding new light on a novel approach to enhancing
xAI interpretability.

1 Introduction

In modern deep learning applications, especially in healthcare and finance, there is a growing need for
transparency and explanation. Understanding a model’s rationale is crucial before relying on its predictions.
This need arises from biases present at various stages of model development and deployment. While some
biases help in learning data distribution (Goyal & Bengio, 2022), others may indicate data imbalance, incorrect
correlations, or prejudices in data collection.

Explainable Artificial Intelligence (xAI) provides methods that clarify models’ decision-making processes
with different levels of interpretability, which can be described as the measure of how easy it is to understand
an explanation (Gilpin et al., 2018). Providing interpretable explanations is especially important in the
previously mentioned contexts (e.g., health), where humans need to understand models’ decisions.

For this purpose, some xAI methods use object-structure-based visualizations to enhance human interpretation.
They decompose images in ways that mimic human perception, grouping objects by attributes such as
color, texture, and edges (Hubel & Wiesel, 1959). Techniques such as LIME (Ribeiro et al., 2016) and
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Figure 1: One challenge in xAI is achieving a good trade-off between fidelity and interpretability. We propose
using region-based segmentation combined with hierarchies to adapt region size, while providing the flexibility
to use high-fidelity methods for constructing the segmented regions.

KernelSHAP (Lundberg & Lee, 2017) have used this approach effectively, segmenting images into meaningful
parts to improve interpretability. However, the size of the segmented regions affects the information extracted:
small regions can be difficult to interpret, while large regions may overlook fine details. Additionally, using a
segmentation framework may introduce a form of human bias, encouraging the model to attribute importance
to structures that a human might consider relevant. This can aid comprehension but may reduce fidelity
to the model’s actual behavior (Miró-Nicolau et al., 2024), which does not necessarily align with human
reasoning.

On the other hand, methods like Deconvolution (Zeiler & Fergus, 2014), Integrated Gradients
(IG)(Sundararajan et al., 2017), and LRP(Bach et al., 2015), which attribute importance to features (pixels),
aid in understanding deep learning models across various applications (Borys et al., 2023; Dharshini et al.,
2023; Chaddad et al., 2023), serving as better approximations of model behavior (Borys et al., 2023), and
locally explaining decisions. However, they often lack interpretability due to their pixel-level explanations,
which can be difficult for humans to understand (Kim et al., 2018). Different techniques tend to prioritize
either faithfulness to the model’s behavior or human interpretability, making it challenging to balance the
two.

We explore the trade-off between model fidelity and human interpretability in explaining Convolutional Neural
Networks (CNNs) (Figure 1). We introduce xAiTrees, a framework that combines hierarchical segmentation
with region-based explanation methods to produce human-friendly, multiscale visualizations inspired by
Multiscale Interpretable Visualization (Ms-IV) (Rodrigues et al., 2024). Unlike conventional region-based
XAI methods that rely on a fixed segmentation scale, xAiTrees leverages hierarchical segmentation to adapt
region sizes across different levels of abstraction, mitigating the limitations of overly small or excessively
coarse regions.

In addition, we propose a model-based segmentation strategy that uses pixel-wise attribution methods to
approximate the model’s “visual perspective,” enabling the transformation of pixel-level explanations into
coherent region-based interpretations.

To assess whether the proposed hierarchical and model-adaptive design effectively balances model fidelity
and human interpretability, we conduct a series of quantitative evaluations comparing our approach with
six representative explanation techniques, including perturbation-based, heatmap-based, concept-based, and
attribution methods. The evaluation relies on three complementary metrics: occlusion, which measures
the impact of removing regions identified as important; inclusion, which evaluates whether these regions
are sufficient to support correct classification; and a novel metric, Pixel Impact Rate (PIR), designed to
evaluate the specificity of the explanations by penalizing large regions being considered important. Across
these metrics, our framework achieves competitive performance with strong baselines such as XRAI.
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