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Abstract: The increasing adoption of deep neural networks (DNNs) in critical domains such as health-
care, finance, and autonomous systems underscores the growing importance of explainable artificial
intelligence (XAI). In these high-stakes applications, understanding the decision-making processes
of models is essential for ensuring trust and safety. However, traditional DNNs often function as
"black boxes," delivering accurate predictions without providing insight into the factors driving their
outputs. Expected Gradients (EG) is a prominent method for making such explanations by calculating
the contribution of each input feature to the final decision. Despite its effectiveness, conventional
baselines used in state-of-the-art implementations of EG often lack a clear definition of what constitutes
"missing" information. In this work, we propose DeepPrior-EG, a deep prior-guided EG framework
for leveraging prior knowledge to more accurately align with the concept of missingness and enhance
interpretive fidelity. It resolves the baseline misalignment by initiating gradient path integration
from learned prior baselines, which derived from the deep features of CNN layers. This approach
not only mitigates feature absence artifacts but also amplifies critical feature contributions through
adaptive gradient aggregation. We further introduce two probabilistic prior modeling strategies: a
multivariate Gaussian model (MGM) to capture high-dimensional feature interdependencies and a
Bayesian nonparametric Gaussian mixture model (BGMM) that autonomously infers mixture complex-
ity for heterogeneous feature distributions. We also develop an explanation-driven model retraining
paradigm to valid the robustness of the proposed framework. Comprehensive evaluations across
various qualitative and quantitative metrics demonstrate the its superior interpretability. The BGMM
variant achieves state-of-the-art performance in attribution quality and faithfulness against existing
methods. DeepPrior-EG advances the interpretability of complex models within the XAI landscape
and unlocks its potential in safety-critical applications.

Keywords: explainable AI; expected gradients; prior baseline; feature attributions

1. Introduction
The rapid advancement of Artificial Intelligence (AI) technologies has profoundly transformed a

wide range of fields, including natural sciences, medicine, and engineering [1–3]. In these domains,
AI has not only improved the efficiency of data analysis but also optimized experimental processes
and design workflows. However, as deep neural networks (DNNs) achieve remarkable success in
areas such as computer vision, their "black-box" nature has become increasingly apparent. This lack of
transparency in decision-making processes raises significant concerns about trust and safety in critical
applications such as medical diagnostics, financial decision-making, and autonomous driving [4].
Consequently, enhancing model interpretability has emerged as a crucial research objective [5,6].

Explainable AI (XAI) addresses this challenge by developing models that provide not only
accurate predictions but also transparent explanations of their decision-making processes, thereby
improving reliability and enabling users to better understand their internal mechanisms [7]. XAI
methods are generally categorized into two main types: intrinsically interpretable models and post-hoc
explanation techniques [8,9]. Intrinsically interpretable models, such as decision trees, linear regression,
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and logistic regression, generate predictions based on clear rules or linear relationships, making them
inherently traceable and interpretable [10–12]. However, these models are often limited in their ability
to handle high-dimensional data and complex nonlinear relationships [13–15]. As a result, for complex
models like DNNs, post-hoc explanation methods have become the dominant approach.

Among post-hoc explanation methods, feature attribution techniques have emerged as essential
tools for interpreting the behavior of DNNs [16]. These methods aim to reveal the influence of
input features on model predictions, providing insights into how decisions are made. For example,
interpretable deep learning models have been shown to assist medical professionals in understanding
prediction rationales, ultimately improving decision-making in clinical settings [17–20].

Gradient-based attribution methods are among the most widely used approaches in feature
attribution. Integrated gradients, a prominent technique within this category, quantify the contribu-
tion of each input feature by integrating gradients along the path from a baseline to the input [21].
This method addresses key limitations of earlier gradient-based approaches, particularly regarding
sensitivity and implementation invariance. For instance, the sensitivity axiom ensures that a feature’s
significant influence is reflected in the attribution results, while implementation invariance guarantees
consistent attributions for functionally equivalent neural networks [22]. In contrast, methods like
DeepLIFT [18] and Layer-wise Relevance Propagation [19], which rely on discrete gradients, fail to
satisfy these axioms. Expected gradients extend integrated gradients by using the dataset expectation
as a baseline, reducing dependency on a single baseline and addressing the "blindness" issue inherent
in integrated gradients [23]. This approach provides smoother interpretations and greater robustness
to noise.

In both integrated gradients and expected gradients, the baseline plays a critical role as a hy-
perparameter, representing the starting point for simulating feature "missingness" [17]. From a
game-theoretic perspective, the contribution of participants is measured by incremental changes,
analogous to evaluating feature importance by assessing the impact of transitioning from "missing" to
"present" on model output. In practice, selecting an appropriate baseline in integrated gradients can
be challenging. For example, in medical datasets, setting a blood glucose value of zero to represent
missingness is inappropriate, as low blood glucose itself may indicate a hazardous condition. Similarly,
in image data, a zero baseline can lead to "blindness" in scenarios where pixels identical to the baseline
color (e.g., black pixels) fail to be distinguished. Expected gradients mitigate this issue by sampling
multiple baselines from a distribution and averaging them, resulting in smoother and more robust
explanations. Nevertheless, questions remain about whether the average of these baselines truly
represents feature missingness.

To address these challenges, we propose incorporating prior knowledge into baselines to better
align them with the concept of missingness. Prior information is widely used in traditional tasks such
as image segmentation, where it often includes appearance priors and shape priors. For instance,
appearance priors leverage distributions of intensity, color, or texture characteristics in target objects to
construct segmentation models that match expected appearances, often modeled using Multivariate
Gaussian Models. Shape priors, on the other hand, utilize typical geometric shapes of objects, such
as organ structures, to guide segmentation boundaries [24]. While priors are extensively applied in
computer vision, their integration into interpretability methods remains limited. Existing methods that
incorporate priors, such as BayLIME [25], introduce prior knowledge during linear model training,
which is unsuitable for addressing baseline alignment issues in gradient-based attribution methods.

This study introduces a framework for expected gradient explanations that incorporates a novel
prior-based baseline. The core concept of expected gradients is to quantify the contribution of each
input feature to the final decision by integrating gradients along the path from the baseline x′ to the
input image x, and then taking the expectation. However, traditional baselines in expected gradients
often fail to effectively align with the concept of missingness, potentially introducing interpretive
bias. To address this limitation, we propose using a prior baseline defined as x′prior = x′ − pprior,
which incorporates prior information to enable a more precise representation of "missing." Unlike
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conventional baselines, which serve as simple statistical measures of the original data, our prior
baseline acts as a flexible reference point that emphasizes prior information, enhancing interpretive
fidelity by accurately reflecting feature absence. By subtracting a probability distribution, we create a
neutral and objective reference that strengthens the capacity of expected gradients to reveal feature
contributions, particularly those distinguishing objects from their background.

The primary contributions of this paper are as follows.

• We propose DeepPrior-EG, a deep prior-guided EG framework for addressing the longstanding
issue of misalignment between baselines and the concept of missingness. It strategically initiates
gradient path integration from the prior baselines, computing expectation gradients along the
trajectory spanning to the input image. It autonomously also extracts priors from the intrinsic
deep features of the CNN layers.

• We achieve these priors through two strategies: a multivariate Gaussian model (MGM) formula-
tion that captures high-dimensional feature interdependencies, and a Bayesian nonparametric
Gaussian mixture model(BGMM) approach that adaptively infers mixture complexity while
representing heterogeneous feature distributions.

• We re-train models by incorporating the explanations from the proposed framework. It improves
model robustness to noise and minimizes interference from irrelevant background features.
Experimental evaluations across multiple metrics demonstrate that our approach outperforms
traditional methods, while the BGMM approach achieves the best performances.

• We conduct extensive experiments using a range of evaluation metrics (e.g., KPM, KNM) to
comprehensively assess the interpretability of our method. Results confirm its superiority in
capturing relevant features and enhancing interpretive fidelity.

The remainder of this work is structured as follows. Section 2 reviews gradient-based explanation
methods especially for integrated and expected gradients. Section 3 formalizes our proposed frame-
work and details methodological components. Section 4 presents a comparative analysis across various
qualitative and quantitative metrics. Section 5 explores additional dimensions to further validate the
effectiveness of the proposed methods. Section 6 concludes with key insights and identifies promising
directions for future research.

2. Related Work
Explaining model decisions has become a cornerstone of research in explainable artificial in-

telligence (XAI), particularly as machine learning models are increasingly deployed in high-stakes
domains that demand transparency and trustworthiness. Among the various approaches to model
interpretability, gradient-based explanation methods have gained widespread adoption due to their
ability to quantify feature contributions through sensitivity analysis of model predictions. These
methods provide insights into how input features influence model outputs, thereby elucidating the
"black-box" nature of deep neural networks (DNNs). However, traditional gradient-based methods
often suffer from limitations such as vanishing gradients, exploding gradients, and the arbitrary
selection of baseline references, which can introduce interpretive bias and undermine the robustness
of feature attribution. To address these challenges, advanced techniques such as Integrated Gradients
(IG) and Expected Gradients (EG) have been developed, which incorporate path integration and
ensemble averaging to enhance interpretability. Recent research has also explored the integration of
prior knowledge into these methods, enabling more meaningful and context-aware explanations. In
this section, we review these methods in detail, examining their theoretical foundations, practical
applications, and associated strengths and limitations.

2.1. Gradient-Based Explanation Methods

Gradient-based explanation methods are widely used to interpret the decision-making processes
of machine learning models, particularly DNNs. These methods compute the gradient of the output
with respect to the input features, quantifying how sensitive the model’s predictions are to changes in
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each feature [26]. For a neural network with an input vector x and an output scalar y, the relationship
is expressed as y = f (x; θ), where θ represents the model parameters. The influence of each input
feature xi is measured by the partial derivative ∂y

∂xi
.

Gradients are typically computed using the backpropagation algorithm, which efficiently calcu-
lates gradients by propagating errors backward through the network. For a loss function L(y, ŷ), the
gradient with respect to each parameter ∂L

∂θ is computed, and the gradient with respect to the input
feature xi is derived as:

∂L
∂xi

=
∂L
∂y

· ∂y
∂xi

(1)

This gradient information provides a foundation for interpreting model predictions. A higher
magnitude of ∂y

∂xi
indicates that the input feature xi significantly influences the output y. This approach

is particularly valuable in image classification tasks, where gradients can generate sensitivity maps
that highlight important pixels.

Building on traditional gradient-based methods, researchers have proposed enhancements such
as Layer-wise Relevance Propagation (LRP) [18] and Layer-wise Relevance Framework (LRF) [19]. LRP
analyzes the contribution of features at each layer by propagating relevance scores layer by layer, aiding
in the interpretation of complex models. LRF, on the other hand, leverages the hierarchical structure of
DNNs to clarify the importance of input features across different layers, thereby improving the accuracy
of model interpretations. Despite these advancements, gradient-based methods remain susceptible to
issues such as vanishing or exploding gradients, which can complicate feature importance assessments
and reduce interpretability.

2.2. Integrated Gradients

Integrated Gradients (IG) addresses the limitations of traditional gradient methods by calculating
gradients along a path from a baseline input (often a zero vector) to the actual input, providing a more
stable and accurate evaluation of feature importance [17]. The method computes the importance of
each feature by integrating the gradients along this path:

IntegratedGrads i(x) =
∫ 1

α=0

∂F(γ(α))
∂γi(α)

∂γi(α)

∂α
dα (2)

where γ(α) represents the interpolation path from the baseline to the actual input, typically
chosen as a linear interpolation γ(α) = αx. The attribution property of IG ensures that the sum of
importance scores equals the difference between the prediction score and the baseline prediction score:

n

∑
i=1

IntegratedGrads i(x) = F(x)− F(γ(0)) (3)

By accumulating gradient information, IG provides a robust measure of each feature’s contribution
to the model’s predictions. While IG effectively mitigates the vanishing gradient problem and is
computationally straightforward, it involves multiple gradient calculations, which can be resource-
intensive in high-dimensional settings. Additionally, the choice of the interpolation path can influence
results, potentially leading to variability in feature importance assessments.

IG has demonstrated strong performance across various applications, including image classifica-
tion, text analysis, and medical diagnosis. In image classification, IG generates heatmaps that highlight
regions contributing significantly to predictions [17]. In text classification, it identifies key words or
phrases influencing model decisions [27]. In healthcare, IG explains the rationale behind predictions in
disease classification tasks, enhancing trustworthiness in high-stakes applications [28].
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2.3. Expected Gradients

Expected Gradients (EG) builds upon IG by addressing the issue of reference point selection, which
can introduce bias in feature attribution. EG averages gradients computed from multiple reference
points sampled from a distribution, providing a more robust evaluation of feature importance [20].
The EG for feature i is defined as:

ExpectedGradients i(x) :=
∫

x′ IntegratedGradients i(x, x′)pD(x′)dx′ (4)

which can be expanded as:

ExpectedGradients i(x) =
∫

x′

((
xi − x′i

)
×
∫ 1

α=0
δ f (x′+α(x−x′))

δxi
dα

)
pD(x′)dx′ (5)

or equivalently:

ExpectedGradients i(x) = E
x′∼D,α∼U(0,1)

[(
xi − x′i

)
× δ f (x′ + α × (x − x′))

δxi

]
(6)

This equation highlights the process of calculating the gradients of the model output f along the
path between the reference point x′ and the input x. Each gradient value is scaled by the difference
between the input feature and the reference feature

(
xi − x′i

)
, reflecting the contribution of that feature

to the prediction of the model. By sampling reference points x′ and the integration variable α, the
integral is approximated as an expectation, leading to an efficient calculation of the Expected Gradients.

Expected Gradients can also be integrated into model training, optimizing feature attributions for
properties like smoothness and sparsity. In doing so, EG not only improves interpretability, but also
reduces the risk of overfitting, enhancing robustness in real-world applications.

Key goals in using Expected Gradients during training include ensuring smoothness to mitigate
prediction fluctuations and promoting sparsity to focus on relevant features. This method can improve
model performance in tasks such as image classification and natural language processing by extracting
more accurate features.

Compared to traditional methods, EG offers significant advantages by sampling multiple refer-
ences to reduce bias and embedding attribution of features directly into the training objective, ensuring
that models enhance both performance and interpretability.

As an emerging feature-attribution technique, Expected Gradients has broad application prospects.
In practice, Expected Gradients can be used to explain the predictions of deep learning models
and can also be incorporated into model design and training to improve model transparency and
interpretability[20]. In the future, as deep learning technology continues to evolve, Expected Gradients
is expected to play a key role in a wide range of applications, including autonomous driving, medical
diagnosis, and financial forecasting.

3. Methodology
3.1. Motivation and Proposed Framework

This paper proposes DeepPrior-EG, a prior-guided EG explanation framework that initiates
path integration from knowledge-enhanced baselines. As illustrated in Figure 1, the framework
computes expectation gradients along trajectories spanning from prior-based baselines to input images,
addressing feature absence while amplifying critical feature contributions during gradient integration.

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 31 March 2025 doi:10.20944/preprints202503.2355.v1

https://doi.org/10.20944/preprints202503.2355.v1


6 of 18

Figure 1. The architecture of DeepPrior-EG.

The DeepPrior-EG architecture comprises four core components: deep feature extraction, prior
knowledge modeling, prior baseline construction, and expected gradient computation, detailed as
follows:

Deep Feature Extraction: Leveraging convolutional neural networks (CNNs), we process input im-
ages to obtain feature representations from final convolutional layers. The extracted high-dimensional
tensor (B, C, H, W), where C denotes feature map channels and H/W represent spatial dimensions, is
flattened along spatial axes into a 2D matrix (N, C). Each row corresponds to feature vectors at specific
spatial locations, forming the basis for subsequent probabilistic analysis.

Our methodology draws inspiration from Ulyanov et al.’s deep image prior work [22], with
CNN-based feature extraction justified by four key advantages:

• Inherent Prior Encoding: CNNs naturally encode hierarchical priors through layered architectures,
capturing low-level features (edges/textures) and high-level semantics (object shapes/categories),
enabling effective modeling of complex nonlinear patterns.

• Superior Feature Learning: Unlike traditional methods (SIFT/HOG) limited to low-level geometric
features, CNNs automatically learn task-specific representations through end-to-end training,
eliminating manual feature engineering.

• Noise-Robust Representation: By mapping high-dimensional pixels to compact low-dimensional
spaces, CNNs reduce data redundancy while enhancing feature robustness.

• Transfer Learning Efficiency: Pretrained models (ResNet/VGG) on large datasets (ImageNet) pro-
vide transferable general features, improving generalization and reducing training costs.

Prior Knowledge Modeling: Flattened feature vectors undergo probabilistic modeling using
Multivariate Gaussian (MGM) and Bayesian Gaussian Mixture Models (BGMM) to capture distribution
characteristics. These models structurally represent feature occurrence likelihoods, serving as crucial
components for baseline optimization (detailed in subsequent sections).

Prior Baseline Construction: The prior distribution is upsampled to match input spatial dimen-
sions and integrated into the baseline via:

x′prior = x′ − pprior (7)

where pprior denotes the prior probability map. This translation adapts baselines to simulate
clinically meaningful "missingness" rather than artificial null references. Let’s illustrate the meanings of
7 by the scenario in explaining diabetic diagnosis models. In diabetic prediction, replacing conventional
baselines (0mmol/L blood glucose) with clinical reference-adjusted baselines (≈5 mmol/L) redefines
pathological deviations. For a glucose level of 9mmol/L, the attribution shift from δ = 9 − 0 (artificial
absence) to δ = 9 − (−1) (clinical absence) amplifies sensitivity to true anomalies while suppressing
spurious signals.

This baseline adjustment mechanism provides four key benefits:
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1) Adaptive Reference Points: Baselines function as flexible anchors rather than fixed statistical
measures.

2) Bias Mitigation: Subtracting prior distributions neutralizes feature biases toward specific classes.
3) Mathematical Flexibility: The translation preserves baseline functionality while enhancing

contextual adaptability.
4) Clinical Relevance: Prior integration aligns explanations with domain-specific knowledge, as

evidenced by reduced background attributions in experiments.
Expected Gradient Computation: With prior-guided baselines, we reformulate expected gradients

as in equation 8:

EGPriori(x) =
∫

x′prior

IGi

(
x, x′prior

)
pD

(
x′prior

)
dx′prior (8)

where the integrated gradient is:

IGi

(
x, x′prior

)
=

(
xi − x′i,prior

)
×

∫ 1

0

∂ f
∂xi

∣∣∣∣
α

dα (9)

Key variables include: input sample x, prior-adjusted baseline x′prior, prior distribution pprior, ref-
erence distribution pD, and feature index i. The framework computes feature importance by averaging
gradients along interpolated paths between prior baselines and inputs during back-propagation.

By embedding knowledge-specific priors into baseline design, DeepPrior-EG generates more
accurate and interpretable attributions, particularly valuable in domains requiring rigorous model
validation. This approach enhances explanation fidelity while maintaining mathematical rigor in
gradient-based interpretation.

3.2. Multivariate Gaussian Model for Deep Priors

This section presents the Multivariate Gaussian Model (MGM) [23] for capturing image appear-
ance priors. The MGM provides an intuitive probabilistic modeling approach particularly suitable
for scenarios where feature space data of specific categories exhibits concentrated distributions. Our
rationale for selecting MGM includes four key considerations:

1) Compact Feature Representation: MGM compactly models feature spaces through first-order
(mean vector) and second-order (covariance matrix) statistics. The mean vector captures central
tendencies while the covariance matrix encodes linear correlations between feature channels (e.g., co-
occurrence patterns of textures/colors). This explicit parameterization enables interpretable mathemat-
ical analysis - eigenvalue decomposition of covariance matrices reveals principal variation directions
corresponding to semantically significant regions.

2) Computational Efficiency: With O(NC2) complexity (N: pixel count, C: feature dimension),
MGM requires only mean/covariance calculations compared to O(N2) kernel evaluations in Kernel
Density Estimation (KDE) or backpropagation-intensive training in Variational Autoencoders (VAEs).
This makes MGM preferable for real-time applications like medical imaging analysis.

3) Data Efficiency: Unlike overparameterized generative models (VAEs/GANs) prone to over-
fitting with limited data (e.g., rare disease imaging), MGM demonstrates superior performance in
low-data regimes.

4) Automatic Spatial Correlation: Off-diagonal covariance terms automatically capture global
spatial statistics without manual neighborhood definition required in Markov Random Fields (MRFs).
Cross-regional feature correlations reflect anatomical topology constraints, enhancing robustness to
local deformations.

Following the our proposed framework, we model appearance priors using final convolutional
layer features. The implementation proceeds as:
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Feature Flattening: Given feature map F ∈ RB×C×H×W , reshape into matrix F′ ∈ RN×C (N = H × W):

F′ = reshape(F, (−1, C)) (10)

Parameter Estimation: Compute mean vector µ and covariance matrix Σ:

µ =
1
N

N

∑
i=1

F′
i (11)

Σ =
1

N − 1

N

∑
i=1

(F′
i − µ)(F′

i − µ)⊤ (12)

Probability Computation: Define multivariate Gaussian distribution:

P(F′) =
1

(2π)C/2|Σ|1/2 exp
(
−1

2
(F′ − µ)⊤Σ−1(F′ − µ)

)
(13)

Per-pixel class probabilities are calculated as:

P(F′
i) =

1
(2π)C/2|Σ|1/2 exp

(
−1

2
(F′

i − µ)⊤Σ−1(F′
i − µ)

)
(14)

The resultant probability distribution serves as the appearance prior for baseline enhancement,
improving feature attribution interpretability through explicit modeling of feature co-occurrence
patterns and spatial dependencies.

3.3. Bayesian Gaussian Mixture Models for Deep Priors

The Bayesian Gaussian Mixture Model (BGMM) [35] provides enhanced capability to model
complex and heterogeneous data distributions. Our rationale for selecting BGMM encompasses three
principal advantages:

1) Automatic Component Selection: Through Dirichlet Process Priors, BGMM dynamically infers
the optimal number of mixture components K without manual specification. Traditional Gaussian
Mixture Models (GMMs) require cross-validation or information criteria (AIC/BIC) for K selection,
which often leads to under/over-fitting with dynamically changing distributions (e.g., lesion morphol-
ogy variations in medical imaging). BGMM’s nonparametric Bayesian framework enables adaptive
complexity control.

2) Hierarchical Feature Modeling: BGMM’s hierarchical structure captures both global and
local feature relationships. Globally, mixture coefficients πk quantify component significance across
semantic patterns. Locally, individual Gaussians (µk, Σk) model subclass-specific distributions (e.g.,
normal vs. pathological tissues in medical images). This dual-level modeling enhances interpretability
for heterogeneous data.

3) Conjugate Prior Regularization: BGMM imposes conjugate priors (Normal-Inverse-Wishart
distributions) on parameters {πk, µk, Σk}, constraining the parameter space to prevent overfitting in
low-data regimes. This regularization ensures numerical stability, particularly in covariance matrix
estimation.

Following the deep priors framework, we implement BGMM-based appearance prior modeling
through these steps:

Feature Flattening: Reshape convolutional feature map F ∈ RB×C×H×W into matrix F′ ∈ RN×C

(N = H × W):
F′ = reshape(F, (−1, C)) (15)

Model Fitting: Train BGMM with automatic component selection:

BGMM = Fit(F′, K) (16)
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Posterior Computation: For each pixel F′
i, calculate component membership probabilities:

P(zk|F′
i) =

πkN (F′
i|µk, Σk)

∑K
j=1 πjN (F′

i|µj, Σj)
(17)

where N (·) denotes the Gaussian probability density function. The resultant posterior matrix
P ∈ RN×K provides fine-grained appearance priors for baseline enhancement.

Compared to alternative approaches, BGMM offers three key advantages:

• vs GMM: Avoids preset K and singular covariance issues through nonparametric regularization
• vs KDE: Explicitly models multimodality versus kernel-based density biases
• vs VAE: Maintains strict likelihood-based generation unlike decoder-induced distribution shifts

This adaptive modeling capability makes BGMM particularly effective for heterogeneous data
distributions, multimodal features, and limited-sample scenarios, providing a robust probabilistic
framework for deep feature space interpretation.

4. Experiments
4.1. ImageNet Dataset

The ImageNet dataset stands as one of the most influential and widely utilized visual databases
in the field of computer vision. Introduced in 2009 by Fei-Fei Li’s team [31], this large-scale hierarchical
image database contains over 15 million labeled images spanning more than 20,000 categories. The
dataset is organized using WordNet’s hierarchical structure, which ensures semantic relationships
between object classes, making it a rich resource for training and evaluating machine learning models.
ImageNet’s introduction revolutionized the field of machine learning, particularly in deep learning
for image recognition tasks, and has since become a benchmark for evaluating performance in image
classification, object detection, and segmentation.

The prominence of ImageNet was further amplified by the ImageNet Large-Scale Visual Recog-
nition Challenge (ILSVRC), an annual competition launched in 2010. In this challenge, top research
teams competed to achieve state-of-the-art performance across various visual tasks. A landmark
breakthrough occurred in 2012 with the introduction of AlexNet [32], a deep convolutional neural
network (CNN) that demonstrated unparalleled performance improvements in image classification.
This achievement marked the beginning of the deep learning era, catalyzing the development of
increasingly sophisticated architectures such as VGG, ResNet, and GoogLeNet.

In this study, we utilize a subset of the ImageNet 2012 dataset, comprising 600 images across
12 specific categories, to evaluate our proposed interpretable methods. The selected subset focuses
on domains where prior shape and appearance information can be effectively integrated, enabling a
robust assessment of our framework’s performance.

4.2. Evaluation Metrics

To comprehensively assess the performance of different interpretation methods, we employ a suite
of evaluation metrics, including KPM (Keep Positive Mean), KNM (Keep Negative Mean), KAM (Keep
Absolute Mean), RPM (Remove Positive Mean), RNM (Remove Negative Mean), and RAM (Remove
Absolute Mean) [33]. These metrics are designed to evaluate how effectively explanation methods
prioritize positive, negative, and overall important features, providing a nuanced understanding of
their interpretability.

• KPM/KAM: Measure the ability of the model to recover positive or important features, respec-
tively. These metrics highlight the extent to which explanations emphasize feature contributions
that positively influence predictions.

• RPM/RNM: Assess the impact of removing important features on model predictions. These
metrics quantify how sensitive the model is to the absence of critical features, thereby evaluating
the robustness of the explanation method.
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• RAM: Provides a general measure of feature importance based on absolute values, capturing the
overall contribution of features irrespective of their directionality.

For each metric, the area under the curve (AUC) is computed, with larger values indicating
superior performance in highlighting the most relevant features. These metrics collectively ensure a
rigorous evaluation of the interpretability and effectiveness of the proposed methods.

4.3. Results
4.3.1. Evaluation on ImageNet

We evaluated our proposed explanation methods using ResNet50 and VGG16, both pretrained
on ImageNet, and tested their performance on unseen ImageNet images using the SHAP library. These
images were not part of the training data.

Figure 2. In the original images of bulbul, studio couch, orange, American egret and ox (a), the prediction results
of ResNet50 are explained using Expected Gradients (b), DeepBGMM-EG (c) and DeepMGM-EG (d) methods,
presenting the corresponding feature attribution maps.
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Figure 3. In the original images of bulbul, studio couch, orange, American egret, and ox (a), the prediction results
of VGG16 are explained using Expected Gradients (b), DeepBGMM-EG (c), and DeepMGM-EG (d) methods,
presenting the corresponding feature attribution maps.

From these visual comparisons, it is evident that for both ResNet50 and VGG16, Expected
Gradients (EG) tends to highlight important features distributed in the background rather than
on the object itself, which contradicts human intuition. Model-learned features should ideally be
object-centric rather than background-related. The proposed deep prior-based baselines—DeepBGMM-
EG and DeepMGM-EG—better align with the definition of "missing" and mitigate the attribution of
background features to varying extents. These methods concentrate important features more effectively
on the object, aligning better with human cognition and providing more faithful explanations of the
model’s reasoning. Comparing DeepBGMM-EG and DeepMGM-EG, it is clear that in most cases,
DeepBGMM-EG emphasizes object outlines and object-specific features more effectively.
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Figure 4. In the original images of agama and American egret(a), the prediction results of ResNet50 are explained
using Expected Gradients (b), DeepBGMM-EG (c) and DeepMGM-EG (d) methods, presenting the corresponding
feature attribution maps.

Figure 5. In the original images of agama and American egret(a), the prediction results of VGG16 are explained
using Expected Gradients (b), DeepBGMM-EG (c) and DeepMGM-EG (d) methods, presenting the corresponding
feature attribution maps.

ResNet50’s attributions proved to be better than those of VGG16 due to the correct prediction of
agama, whereas VGG16 incorrectly predicted starfish, which negatively affected the attribution results.
From the feature attribution maps generated for the American egret using ResNet50 and VGG16, it is
evident that the explanatory results of ResNet50 and the predictive results of VGG16 are suboptimal.
This can be largely attributed to the models’ prediction outcomes, as both ResNet50 and VGG16
identified the image as a crane rather than an American egret. Consequently, inaccurate predictions
significantly affect the performance of the explanation methods used. We selected 50 images from the
ImageNet validation set for each of the 12 categories, resulting in a total of 600 images, to compare the
performance of the four explanation methods across the metrics presented in the table.

The performance of EG, DeepBGMM-EG, DeepMGM-EG, and LIFT was compared for ResNet50
in Table 1. DeepBGMM-EG and DeepMGM-EG showed significant advantages in KPM, RNM, and
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RAM, outperforming other methods in handling feature importance and feature recovery. For KAM,
both methods performed similarly to EG, indicating stability in handling important features. In
contrast, EG demonstrated stronger performance on KNM and RPM, suggesting greater efficiency
in recovering negative feature importance. From the perspective of feature recovery (KPM, KNM,
KAM), gradually unmasking features based on their attributed importance (high to low) and observing
prediction accuracy can reveal feature importance: significant accuracy improvement indicates higher
importance, demonstrating the DeepPrior-EG’s fidelity to the model. Conversely, from the feature
masking perspective (RPM, RNM, RAM), gradually masking features (high to low) and observing
accuracy can similarly identify important features: significant accuracy decline confirms higher
importance, further validating the DeepPrior-EG’s alignment with the model’s behavior. In general,
DeepBGMM-EG and DeepMGM-EG outperformed EG in most metrics, particularly in comprehensive
assessments of the importance of features.

Table 1. Comparison of different explanation methods (EG, DeepBGMM-EG, DeepMGM-EG, and LIFT) based
on various metrics (KPM, KNM, KAM, RPM, RNM, RAM) for ResNet50 predictions. The dataset consists of 600
images selected from the ImageNet validation set, with 50 images per category from 12 categories.

method KPM KNM KAM RPM RNM RAM

EG 1.0952 -1.1014 0.9653 1.2502 -1.2558 1.4305
LIFT 1.1027 -1.1283 0.9288 1.2120 -1.2316 1.4432

DeepBGMM-EG 1.1193 -1.1279 0.9580 1.2224 -1.2340 1.4361
DeepMGM-EG 1.1192 -1.1283 0.9565 1.2217 -1.2333 1.4342

Similarly, Table 2 reports the comparison for VGG16. DeepBGMM-EG outperformed other
methods in KPM, KAM, RPM, RNM, and RAM, demonstrating its strong capability in handling feature
importance and recovery, which enhanced model interpretability and reliability. Although EG and
LIFT performed comparably on the KNM metric, DeepBGMM-EG exhibited superior performance on
most metrics. DeepMGM-EG also performed well but was slightly less effective than DeepBGMM-
EG on KPM and KAM. These results indicate that DeepBGMM-EG provides more comprehensive
and accurate feature evaluations, contributing to improved interpretability in deep learning models.
In general, DeepBGMM-EG performance in VGG16 further validates its potential as an effective
interpretability method,In general, DeepBGMM-EG performance in VGG16 further validates its
potential as an effective interpretability method, as DeepBGMM-EG demonstrates a stronger alignment
with the model’s behavior.

Table 2. Comparison of different explanation methods (EG, DeepBGMM-EG, DeepMGM-EG, and LIFT) based on
various metrics (KPM, KNM, KAM, RPM, RNM, RAM) for VGG16 predictions. The dataset consists of 600 images
selected from the ImageNet validation set, with 50 images per category from 12 categories.

method KPM KNM KAM RPM RNM RAM

EG 1.2418 -1.2390 1.0217 2.4655 -2.4639 2.8490
LIFT 1.0055 -0.8827 0.9758 2.7043 -2.6894 2.8403

DeepBGMM-EG 1.2603 -1.2412 1.0244 2.3692 -2.3510 2.7601
DeepMGM-EG 1.2540 -1.2416 1.0131 2.4678 -2.4566 2.8758

4.3.2. Improving Noise Robustness of Model Re-trained with Attribution Priors

In traditional deep learning training, the optimization objective is to minimize the loss function
L(θ; X, y), where θ represents the model parameters, X are the input data, and y is the labels. Regular-
ization terms are often added to prevent overfitting, and the optimization problem can be expressed
as:

θ = argmin
θ

L(θ; X, y) + λ′Ω′(θ) (18)
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where Ω′(θ) is the regularization term for the model parameters, and λ′ controls the regularization
strength.

When incorporating attribution priors, the model must minimize both the loss function and
constraints on feature attributions. Let Φ(θ, X) represent the feature attribution matrix, where each
element ϕli denotes the importance of feature i in sample l. The prior attribution is introduced as a
penalty function Ω(Φ(θ, X)), with λ controlling the regularization strength. The optimization objective
is modified as follows:

θ = argmin
θ

L(θ; X, y) + λΩ(Φ(θ, X)) (19)

This formulation ensures that the model not only minimizes prediction error but also adheres to
attribution constraints, enhancing robustness and interpretability.

In this experiment, we assessed the noise robustness of different models by progressively intro-
ducing Gaussian noise into the test data of the MNIST handwritten digit dataset. Four models were
evaluated: DeepBGMM-EG (Bayesian prior-based Expected Gradients), DeepMGM-EG (Gaussian
prior-based Expected Gradients), EG (standard Expected Gradients), and a baseline model with no
attribution priors. The objective was to observe how the classification accuracy of each model changed
as the noise level increased.

As shown in Figure 6, the test precision of the four models was plotted against different noise
levels, ranging from 0% to 100%. For noise levels below 0.3, all models exhibit similar performance,
maintaining a test accuracy close to 0.9, with DeepBGMM-EG and DeepMGM-EG performing slightly
better. However, as the noise percentage increased, both DeepBGMM-EG and DeepMGM-EG signifi-
cantly outperformed the base and EG models, particularly at higher noise levels.

Figure 6. Accuracy variations in image predictions as Gaussian noise is progressively introduced for four models:
Base (without explainability priors, green), EG (blue), DeepBGMM-EG (red), and DeepMGM-EG (yellow). All
models were trained with their respective explainability priors except where noted.

The base and EG models showed a steep decline in accuracy when the noise level exceeded 0.5,
indicating poor performance in high-noise environments. In contrast, models trained with prior attri-
bution—especially those using DeepBGMM-EG and DeepMGM-EG—showed notable improvements
in noise robustness. These models effectively maintained higher accuracy rates as noise increased
from 0.3 to 1.0, highlighting the impact of incorporating prior attribution on improving the model’s
resilience to noisy data.
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5. Discussion
Based on the experiments conducted in this work, we explored additional dimensions to further

validate the effectiveness of the proposed methods. Two supplementary experiments—an evaluation
of improved model robustness to noise in a classification task and a comparison using Class Activation
Mapping (CAM)—were performed to strengthen our findings.

5.1. Comparison with Shape Priors

We selected 12 categories from the ImageNet 2012 dataset and annotated 50 binary contour images
per category, resulting in 600 high-quality shape priors. These annotated images were processed using
the PaddleSeg toolkit, which enabled precise annotation and correction of object contours. Figure 7
demonstrates the original and annotated contour images used as shape priors.

Figure 7. (a) Original Image (b) Annotated Contour Image.

Table 3. Comparison of different explanation methods (EG, DeepBGMM-EG,Shape-EG) based on various metrics
(KPM, KNM, KAM, RPM, RNM, RAM) for ResNet50 predictions. The dataset consists of 600 images selected
from the ImageNet validation set, with 50 images per category from 12 categories.

method KPM KNM KAM RPM RNM RAM

EG 1.0952 -1.1014 0.9653 1.2502 -1.2558 1.4305
DeepBGMM-EG 1.1193 -1.1279 0.9580 1.2224 -1.2340 1.4361
Shape-EG 1.1018 -1.1044 0.9649 1.2485 -1.2504 1.4317

To compare the traditional histogram-based shape prior (Shape-EG) with the deep appearance
prior based on Bayesian Gaussian Mixture Models (DeepBGMM-EG), it is evident from the metrics
that the introduction of the histogram-based shape prior baseline leads to an overall improvement in
performance for Shape-EG compared to EG. However, this enhancement is not as significant as that
achieved by DeepBGMM-EG, which consistently outperforms Shape-EG across most metrics.

5.2. Comparison of Methods with CAM

To further evaluate the quality of the explanations, we conducted a comparison using Class Acti-
vation Mapping (CAM) and calculated Insertion and Deletion scores. These scores are analogous to the
Average Drop (AD) and Increase in Confidence (IC) metrics, aiming to assess whether the importance
of pixels in CAM maps aligns with the actual relevance of the image content [34]. Specifically, the
deletion score measures how much the classification probability drops when important pixels are
removed, while the insertion score tracks how much the probability increases when key pixels are
added to a blank image. A lower deletion score and a higher insertion score indicate more interpretable
and reasonable CAM maps.

The calculation of the Deletion (Del) score follows a specific procedure: pixels corresponding to
an image are removed in descending order based on their weights in the Class Activation Map (CAM).
The original model is then utilized to compute the classification probabilities for the images after pixel
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removal. A curve is generated to illustrate the relationship between the classification probabilities and
the proportion of removed pixels, and the area under this curve is calculated as the Del value.

Similarly, the process for calculating the Insertion (Ins) score is analogous to that of Del. Pixels are
introduced in descending order of their weights, and the original model computes the classification
probabilities for the images after pixel addition. A curve is created to represent the relationship
between the classification probabilities and the proportion of introduced pixels, with the area under
this curve being calculated as the Ins value.

As illustrated in Table 4, the EG-based methods produced the most interpretable and coherent
CAM maps, with DeepBGMM-EG achieving particularly strong results. DeepBGMM-EG had the
highest Insertion score and one of the lowest Deletion scores, demonstrating its ability to effectively
explain the decision-making process of the model. DeepMGM-EG and Shape-EG also performed
well, consistently generating reasonable CAM visualizations. However, methods such as Lime and
Grad-CAM, while offering some level of interpretability, were outperformed by the EG series in both
metrics, highlighting the superiority of the proposed approach.

Table 4. Comparison of Insertion and Deletion Scores for Different Explanation Methods on 600 Images from the
ImageNet Validation Set. The table presents the insertion and deletion scores for various explanation methods,
showing that the EG-based methods generate more accurate and interpretable CAM visualizations compared to
Lime and Grad-CAM.

method insertion deletion

Lime 0.1178 0.1127
Grad-CAM 0.1233 0.1290

Baylime 0.1178 0.1127
EG 0.6849 0.1206

DeepBGMM-EG 0.6849 0.1202
DeepMGM-EG 0.6842 0.1204

Shape-EG 0.6841 0.1207

Summary: The findings from the noise robustness and CAM comparison experiments further
confirm the efficacy of the proposed methods. By integrating attribution priors, particularly through
DeepBGMM-EG and DeepMGM-EG, the models demonstrate enhanced robustness to noise while
producing more interpretable and meaningful feature importance maps. These results underscore the
versatility and improved interpretability of these approaches across diverse scenarios, highlighting
their potential to advance the robustness, transparency, and reliability of deep learning models in
practical applications.

6. Conclusion
In this paper, we introduced a novel framework that enhances the interpretability of deep learning

models by incorporating prior-based baselines into the Expected Gradients (EG) method. By leveraging
shape and appearance priors, our approach addresses a critical limitation of traditional gradient-
based attribution methods: the challenge of selecting appropriate baselines. Our experiments on the
ImageNet and MNIST datasets demonstrated that the proposed DeepBGMM-EG and DeepMGM-EG
methods significantly outperform existing techniques in focusing on object-specific features while
minimizing the influence of irrelevant background information. These improvements were validated
across multiple evaluation metrics, underscoring the robustness and effectiveness of our approach.
The results highlight the potential of integrating domain-specific priors to align feature attributions
more closely with human intuition, thereby providing more accurate and meaningful explanations for
model decisions.

Building on the proposed framework, several promising directions for future research emerge.
First, exploring alternative methods for computing prior-based baselines—such as task-specific priors
or adaptive priors learned directly from data—could further enhance the flexibility and precision of
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feature attribution. Additionally, investigating advanced feature extraction techniques that combine
visual and non-visual priors may yield deeper insights into improving interpretability across diverse
applications. Expanding the evaluation to other datasets and models, particularly in high-stakes
domains like healthcare, finance, and autonomous systems, would further validate the generalizability
and practical impact of our framework. Finally, integrating our prior-based approach with other
explainability methods could pave the way for a comprehensive suite of tools to foster trust and
transparency in AI systems, ultimately contributing to their broader adoption and responsible use.
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