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Abstract. The Information Bottleneck Attribution (IBA) framework is
a leading information-theoretic approach to explaining neural network
predictions. However, its effectiveness is hindered by a critical limita-
tion: the subjective, manual selection of the bottleneck layer and the
trade-off parameter β. This arbitrary selection strategy compromises re-
liability and limits broad applicability. We introduce Self-Configurable
IBA (SC-IBA), a novel algorithm that automates these crucial param-
eters by recognizing that the optimal bottleneck is inherently input-
specific. Leveraging the Kernelized Information Bottleneck (KIB) for-
mulation via the Hilbert-Schmidt Independence Criterion (HSIC), we
reformulate layer selection as a discrete Lagrangian optimization prob-
lem. By computing centered channel-wise Gram matrices for each con-
volutional layer, we define a robust information profit score that max-
imizes the difference between task-relevant sufficiency and input com-
plexity. This theoretically grounded metric identifies the semantic peak
within the feature hierarchy automatically for every input. We validate
SC-IBA across diverse domains, including natural images (ImageNet)
and decision-critical medical imaging (MSSEG16, Cheng). Across these
three distinct datasets, SC-IBA consistently surpasses standard methods,
outperforming a strong baseline rigorously tuned via systematic hyper-
parameter optimization by a significant margin in the vast majority of
metric instances. SC-IBA transforms IBA into a robust, theoretically
justified, self-optimizing standard for neural network explainability. The
code is available at https://github.com/VishmiVishara/SC-IBA.
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Input Image Tuned IBA SC-IBA

Fig. 1: Attribution maps (ImageNet sample) on DenseNet121, comparing sys-
tematically tuned IBA baseline (middle), the best-performing baseline config-
uration against the proposed SC-IBA (right). While the baseline relies on a
static target layer and a fixed � value derived via hyperparameter search on a
sample training set, SC-IBA dynamically identifies the most informative layer
and adaptively scales � (here, �=7.86) for this specific input, achieving superior
target localization.

1 Introduction

Explainable AI (XAI) and transparent decision-making are fundamental to mod-
ern computer vision. However, deep neural networks are often criticized for their
lack of transparency, making it difficult to understand how they arrive at a
particular decision [16]. Post-hoc interpretability seeks to solve this problem by
explaining a model’s predictions after the fact. These algorithms work by as-
signing a contribution score to each input feature, essentially highlighting which
parts of the input were most important for the model’s final prediction. Various
attribution methods are used to achieve this goal, including perturbation-based
methods such as model-agnostic LIME [15] and SHAP [13], gradient-based tech-
niques such as the Grad-CAM family of algorithms [20], attention-based attri-
bution [4], Information Bottleneck Attribution (IBA) class of algorithms [18],
[9], [29] and backpropagation-based Integrated Gradients [25].

Specifically, IBA [18] is an information-theoretic attribution approach that
partitions a model by inserting a bottleneck to restrict the flow of information
through the model. Although, showing strong performance on natural images,
the IBA requires an empirical tuning of the layer index and the trade-off parame-
ter � that controls how much information is flowing through the bottleneck layer.
Moreover, the original IBA work assumes that this layer selection is stationary
for every input image.

In this paper, we propose Self-Configurable Information Bottleneck Attribu-
tion (SC-IBA). As illustrated in Figure 1, SC-IBA yields significant qualitative
improvements in target localization compared to the standard IBA baseline. Our
framework is built upon two fundamental insights: (1) the optimal bottleneck
layer is not a static architectural property but an input-dependent dynamic, and
(2) the trade-off between task-relevant sufficiency and input redundancy can be
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analytically optimized via a Kernelized Information Bottleneck (KIB) objective
[28,14].

SC-IBA offers four primary advantages over existing attribution methods.
First, it is a distribution-agnostic approach that operates without restrictive
Gaussian assumptions. Second, it replaces subjective, manual trial-and-error
with a Lagrangian optimization, ensuring reproducibility across diverse archi-
tectures. Third, by utilizing the trace of centered, channel-wise Gram matrices,
we maintain strict alignment with the information-theoretic definitions of suf-
ficiency and complexity. Fourth, the framework dynamically identifies the “Se-
mantic Peak” for every individual image, accounting for variations in feature
hierarchies that global selection methods overlook. Our contributions are:

– We introduce SC-IBA, a framework that automates the selection of the bot-
tleneck layer and the trade-off parameter � through Lagrangian optimization
of the Information Bottleneck functional.

– We propose the Information Profit Score (IPS), a non-parametric met-
ric derived from the Hilbert-Schmidt Independence Criterion (HSIC) [8].
Using channel-wise, weight-aligned kernels, the IPS identifies the optimal
representation depth without manual hyperparameter tuning.

– We demonstrate that SC-IBA consistently outperforms standard IBA base-
lines across both natural and medical imaging domains. Furthermore, SC-
IBA directly surpasses a heavily optimized, tuned baseline by a substan-
tial margin in nearly all evaluation metrics, proving the superiority of our
instance-adaptive derivation over brute-force heuristic search.

2 Related Works

Attribution-based methods, a key component of XAI, provide an overview into
a model’s decision making process by assigning a relevance score to each in-
put variable e.g. pixels, and quantifies its contribution to a specific output [18].
These relevance scores can be visualized as saliency heatmaps displayed over
the input’s pixels on images, hence highlighting distinct areas useful for the
network’s prediction. These methods fall into three broad categories: gradient-
based, activation-based, and information-theoretic.

Gradient-based attribution techniques estimate feature importance by
computing the gradients of the model’s output with respect to the input fea-
tures. Saliency Maps [22] computes the gradients of the class score using a sin-
gle backpropagation pass; Integrated Gradients [26] and SmoothGrad [23] aver-
age gradients across multiple input perturbations to reduce noise, while Guided
Backpropagation [24] suppresses negative gradients for sharper maps.

Activation-based methods use intermediate feature maps to localize rel-
evant regions. GradCAM [19] uses class-specific gradients at the last convolu-
tional layer to produce coarse activation maps. Guided GradCAM [21] combines
GradCAM with GuidedBP for higher resolution and class discriminative visu-
alizations, and EigenCAM [3] visualizes principal components of intermediate
features.
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Information bottleneck methods apply the Information Bottleneck Prin-
ciple [28] to feature attribution. The original IBA [18] and its variants - In-
putIBA [31], InverseIBA [11], ML-IBA [11], IBISA [6], and CoIBA [9] - inter-
vene at different layers or resolutions to suppress irrelevant information. How-
ever, these approaches still rely on manually selecting the bottleneck layer and
the trade-off parameter � for all images. Our work addresses this limitation by
proposing SC-IBA, which automatically selects both the bottleneck layer and �
per input sample.

3 Method

3.1 Original IBA framework

For each model layer l, IBA calculates a new representation, called the bottle-
neck representation Zl as shown in Eq.1. This is a combination of the original
activation Rl and the independent noise �l i.e. random noise sampled from a
Gaussian distribution. The noise term �l has the same statistical properties as
the original activation, helping to maintain the general characteristics of the
data while restricting unnecessary information flow.

Zl = �lRl + (1� �l)�l: (1)

This mixing is controlled by a parameter called the damping ratio �l, which is
a value between 0 and 1. The goal of IBA is to find the perfect balance for �l at
each layer. It does this by solving an optimization problem [18]:

max
θl

I[Zl;Y ]� �I[Rl; Zl]: (2)

Maximizing I[Zl;Y ] keeps as much information as possible about the final la-
bel Y in the bottleneck representation Zl. This step ensures that the information
that is most relevant for prediction passes through the bottleneck. Minimizing
I[Rl; Zl] means removing as much information as possible that is shared between
the original activation Rl and the bottleneck representation Zl. This is where
compression takes place - it forces the bottleneck to only hold the most critical
information, removing everything else.

The hyperparameter � controls the trade-off between these two goals. A
higher � means the model prioritizes compressing the information (removing
more details), while a lower � means it prioritizes keeping the information rel-
evant to the final prediction. In summary, IBA finds the minimal amount of
information at each layer that is still sufficient to make a correct prediction.
This minimal information is then used to create the attribution map.

3.2 Motivation

Using IBA involves two crucial manual choices. First, one has to choose a layer l
to analyze. The user must select an intermediate layer of the neural network to
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Fig. 2: The concept of the proposed SC-IBA. Our processing pipeline includes
the following steps: (1) input images; (2) classification CNN e.g. DenseNet121,
modified ResNet50 and InceptionV3; (3) get activations per layer; (4) compute
� (SD of activations); (5) generate Gaussian noise using �; (6) apply Gaussian
noise to activations; (7) compute KZ , KR, KY kernels; (8) compute IPS; (9)
select the optimal layer with the highest IPS; (10) compute �; (11) apply per-
sample bottleneck as in original IBA [18]; (12) output the attribution maps.

serve as the bottleneck. The quality of the attribution map is highly dependent
on this choice. A layer that is too shallow may not contain high-level semantic
information, while a layer that is too deep might have already lost crucial spatial
details. Second, the � parameter controls the trade-off between fidelity to the
original model’s output and the simplicity of the explanation. Choosing the right
� is a delicate balance, and a single value may not be optimal for different inputs
or different layers.

3.3 Proposed self-configurable IBA

We outline the theoretical framework of SC-IBA (Figure 2) by adopting the
standard definition of layer activations Rl 2 RC×H×W for each layer l. Here,
C denotes the number of channels, while H and W represent the spatial di-
mensions. To isolate the most robust features, we introduce isotropic Gaussian
noise � � N (0; �2) to obtain perturbed activations Nl = Rl + �. This stochastic
perturbation acts as an information filter; as the noise suppresses non-essential
fluctuations, the remaining representation highlights the fundamental structural
features utilized by the model. To analyze these representations, we reshape the
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