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Abstract. Enhancing the interpretability and consistency of machine
learning models is critical to their deployment in real-world applications.
Feature attribution methods have gained significant attention, which pro-
vide local explanations of model predictions by attributing importance
to individual input features. This study examines the generalization of
feature attributions across various deep learning architectures, such as
convolutional neural networks (CNNs) and vision transformers. We aim
to assess the feasibility of utilizing a feature attribution method as a fu-
ture detector and examine how these features can be harmonized across
multiple models employing distinct architectures but trained on the same
data distribution. By exploring this harmonization, we aim to develop a
more coherent and optimistic understanding of feature attributions, en-
hancing the consistency of local explanations across diverse deep-learning
models. Our findings highlight the potential for harmonized feature at-
tribution methods to improve interpretability and foster trust in machine
learning applications, regardless of the underlying architecture.
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1 Introduction

Deep learning models have revolutionized various domains, but their complex
nature often hampers our ability to understand their decision-making processes
[1, 8]. Interpretability techniques have emerged, with local and global explana-
tions being two significant categories [7]. Local explanations focus on under-
standing individual predictions, highlighting the most influential features for
a specific instance. This method is valuable for understanding model behavior
at a granular level and providing intuitive explanations for specific predictions.
On the other hand, global explanations aim to capture overall model behavior
and identify patterns and trends across the entire dataset. They offer a broader
perspective and help uncover essential relationships between input features and
model prediction. This paper delves into interpretability in deep learning mod-
els, particularly model-agnostic feature attribution, a subset of local explanation
techniques.
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Feature attribution refers to assigning importance or relevance to input fea-
tures in a machine learning model’s decision-making process [2]. It aims to
understand which features have the most significant influence on the model’s
predictions or outputs. Feature attribution techniques provide insights into the
relationship between input features and the model’s decision, shedding light on
the factors that drive specific outcomes. These techniques are precious for in-
terpreting complex models like deep learning, where the learned representations
may be abstract and difficult to interpret directly [18]. By quantifying the con-
tribution of individual features, feature attribution allows us to identify the most
influential factors, validate the model’s behavior, detect biases, and gain a deeper
understanding of the decision-making process.

Feature attribution methods can be evaluated through various approaches
and metrics [18]. Qualitative evaluation involves visually inspecting the attri-
butions and assessing their alignment with domain knowledge. Perturbation
analysis tests the sensitivity of attributions to changes in input features [17].
Sanity checks ensure the reasonableness of attributions, especially in classifi-
cation problems. From a human perspective, we identify objects in images by
recognizing distinct features [14]. Similarly, deep learning models are trained to
detect features from input data and make predictions based on these charac-
teristics [19]. The primary objective of deep learning models, irrespective of the
specific architecture, is to learn the underlying data distribution and capture
unique identifying features for each class in the dataset.

Various deep learning architectures have proven proficient in capturing es-
sential data characteristics within the training distribution [23]. We assume that
if a set of features demonstrates discriminative qualities for one architecture, it
should likewise exhibit discriminative properties for a different architecture, pro-
vided both architectures are trained on the same data. This assumption forms
the foundation for the consistency and transferability of feature attributions
across various deep learning architectures.

Our experiments aim to explore the generalizability of features selected by a
feature attribution method for one deep learning architecture compared to other
architectures trained on the same data distribution. We refer to this process as
harmonizing feature attributions across different architectures. Our experimental
results also support our assumption and indicate that different architectures
trained on the same data have a joint feature identification capability.

2 Related work

Various explanation algorithms have been developed better to understand the
internal mechanisms of deep learning models. These algorithms, such as feature
attribution maps, have gained significant popularity in deep learning research.
They offer valuable insights into the rationale behind specific predictions made
by deep learning models [4]. Notable examples of these explanation methods in-
clude layer-wise relevance propagation [12], Grad-CAM [20], integrated gradient
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[22], guided back-propagation [21], pixel-wise decomposition [3], and contrastive
explanations [11].

Various methods have been developed to evaluate feature attribution maps.
Ground truth data, such as object-localization or masks, has been used for eval-
uation [5, 15]. Another approach focuses on the faithfulness of explanations,
measuring how well they reflect the model’s attention [17]. The IROF technique
divides images into segments and evaluates explanations based on segment rele-
vance [16]. Pixel-wise evaluations involve flipping pixels or assessing attribution
quality using pixel-based metrics [3, 17].

Chen et al. [6] has demonstrated the utility of feature attribution methods
for feature selection. Additionally, research conducted by Morcos et al. [13] and
Kornblith et al. [10] has explored the internal representation similarity between
different architectures. However, to the best of our knowledge, the generaliza-
tion of feature attributions across diverse neural architectures still needs to be
explored.

Motivated by the goal of evaluating feature attributions, we are investigating
a novel approach that involves assessing feature attributions across multiple
models belonging to different architectural designs. This method aims to provide
a more comprehensive understanding of feature attribution in various contexts,
thereby enhancing the overall explainability of deep neural networks.

3 Methodology

This experiment investigates the generalizability and transferability of feature at-
tributions across different deep learning architectures trained on the same data
distribution. The experimental process involves generating feature attribution
maps for a pretrained model, extracting features from input images, and pass-
ing them to two models with distinct architectures. The accuracy and output
probability distribution are then calculated for each architecture.

In this experiment, we employ a modified version of the Soundness Saliency
(SS) method [9] for generating explanations. The primary objective with a net-
work f , for a specific input x (Fig. 1 (a)), and label a, is to acquire a map or
mask M ∈ {0, 1}hw.

This map aims to minimize the expectation Ex̃∼(x,M)[−
∑

fi(x̃)log(fi(x̃))],
wherein the probability assigned by the network to a modified or composite input
x is maximized.

x̃ ∼ Γ (x, a) ≡ x ∼ X , x̃ = M ⊙ x+ (1−M)⊙ x (1)

Here, M (Fig. 1 (b)) represents the feature attribution map generated by the
Soundness Saliency algorithm. The saliency map M provides information about
the importance of each pixel and the extent of its contribution to the classifica-
tion. If the value of M (Fig. 1 (b)) for a specific pixel is 0, it implies that the
pixel has no significance in the classification process. Conversely, if the value of
M for a particular pixel is high, it indicates that the pixel is highly important for
the classification. We enhance the extraction of important features (Fig 1 (c))
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from input by applying the Hadamard product between each input channel and
the corresponding attribution map M . In addition to the Soundness Saliency
(SS) algorithm, we also employ Grad-CAM [20] (GC) for feature extraction. We

(a) Input image (b) Feature attribution (c) Features

Fig. 1. Columns a, b, and c represent the input image, the feature attribution map
generated by the soundness saliency algorithm, and the extracted features of the image
based on the feature attribution map, respectively.

utilize the selected features Fig. 1 (c) extracted through feature attributions and
feed them to two distinct models with different architectures, albeit trained on
the same training data. Accuracy, F1 score, and output probability scores are
calculated for these models. The focus is observing model prediction changes
when only the selected features are inputted rather than the entire image.
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4 Experiment and Results

In this study, we selected four distinct pretrained architectures: the Vision Trans-
former architecture (ViT) [8], EfficientNet-B7 (E-7) [23], EfficientNet-B6 (E-6)
[23], and EfficientNet-B5 (E-5) [23]. To generate feature attribution maps, we
first employed E-7 along with a challenging subset3 of the ImageNet validation
data, which is known to be particularly difficult for classifiers.

Subsequently, we generated feature maps for all test data and passed them
to E-6 and E-5. In parallel, we also generated features for ViT and followed the
same procedure. We chose to utilize both a transformer and a CNN architecture
in our experiments because they are fundamentally different from one another,
allowing for a comprehensive evaluation of the various architectures.

Table 1. The SS row examines model performance with image (I) and feature (F)
inputs generated by the E-7 architecture and SS algorithm. It shows stable accuracy
and F1 scores across the E-6 and E-5 architectures when using feature inputs. In
contrast, the GC row, which uses the Grad-CAM algorithm for feature generation,
demonstrates a drop in accuracy and F1 scores across the E-6, and E-5 architectures
when features are used as input.

Exp. Metric E-7 (I) E-7 (F) E6 (I) E-6 (F) E-5 (I) E-5 (F)

SS
Acc 78.4% 74.09% 75.90% 73.61% 77.27% 73.76%

F1 0.87 0.84 0.85 0.84 0.86 0.84

GM
Accuracy 78.47% 58.87% 75.90% 55.74% 77.27% 57.24%

F1 0.87 0.72 0.85 0.70 0.86 0.71

Table 2. The SS row evaluates model performance using image (I) and feature (F)
inputs, generated through the ViT architecture and the SS algorithm. There’s a slight
decrease in accuracy and F1 score across architectures (E-6, E-5) with feature inputs.
Similarly, the GC row, utilizing the Grad-CAM algorithm for feature generation, shows
a comparable drop in accuracy and F1 scores across the E-6 and E-5 architectures when
using feature inputs.

Exp. Metric ViT (I) ViT (F) E6 (I) E-6 (F) E-5 (I) E-5 (F)

SS
Acc 89.92% 88.83% 75.90% 71.90% 77.27% 73.10%

F1 0.94 0.94 0.85 0.83 0.86 0.83

GM
Ac 89.92% 58.56% 75.90% 44.21% 77.27% 43.47%

F1 0.87 0.73 0.85 0.60 0.86 0.58

3 https://github.com/fastai/imagenette
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Our experimental results (Tables 1 and 2) indicate that features generated
by a neural architecture can be detected by other architectures trained on the
same data. This implies that feature attribution maps encapsulate sufficient data
distribution information. Consequently, feature maps created using attribution
maps on one architecture can be recognized by another architecture, provided
that both are trained on the same data. As depicted in Fig. 2, when we feed
only features to the model, the class probability increases (Fig. 2 (b), (d), and
(f)), particularly when using similar architectures for feature generation and
evaluation. When employing different types of architectures (e.g., Transformer
for generating feature maps and CNN for evaluating them), there is a slight drop
in accuracy (Fig. 2 (j) and (l)), but the performance remains consistent.

Accuracy decreases when features are extracted with Grad-CAM saliency
maps, suggesting these maps might not capture crucial information on the data
distribution. However, when examining row GC in Tables 1 and 2, it’s ob-
served that accuracy remains consistent across various architectural configura-
tions when features are generated using Grad-CAM. This suggests that different
architectures have harmony in detecting certain features from data.
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(b) E-7 (F)
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(d) E-6 (F)
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0.2 0.4 0.6 0.8 1.0
Prediction Probability

0

500

1000

1500

2000

2500

C
ou

nt

(f) E-5 (F)
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(g) ViT (I)
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(h) ViT (F)
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(i) E-6 (I)
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(j) E-6 (F)
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(k) E-5 (I)
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(l) E-5 (F)

Fig. 2. Histogram of class prediction probability distribution across different architec-
tures, comparing image-only (I) and feature-only (F) inputs for the entire test dataset.

5 Conclusion

The experiment validates our hypothesis that various architectures acquire shared
features from a common data distribution. We noticed a notable rise in class
prediction probabilities when utilizing selected features as inputs, particularly
when employing similar neural architecture building blocks such as Convolution.
Additionally, the consistency of predictions on future attribution maps across ar-
chitectures demonstrates that different architectures are not randomly learning
features from the data, thereby enhancing the reliability of the models. These
findings underscore the potential to generalize features and emphasize the need
for additional research to harmonize feature attribution maps, expanding their
applicability in various domains.
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