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Abstract

Explaining deep learning models in a way that humans
can easily understand is essential for responsible artificial
intelligence applications. Attribution methods constitute an
important area of explainable deep learning. The attribu-
tion problem involves finding parts of the network’s input
that are the most responsible for the model’s output. In this
work, we demonstrate that implicit neural representations
(INRs) constitute a good framework for generating visual
explanations. Firstly, we utilize coordinate-based implicit
networks to reformulate and extend the extremal perturba-
tions technique and generate attribution masks. Experimen-
tal results confirm the usefulness of our method. For in-
stance, by proper conditioning of the implicit network, we
obtain attribution masks that are well-behaved with respect
to the imposed area constraints. Secondly, we present an it-
erative INR-based method that can be used to generate mul-
tiple non-overlapping attribution masks for the same image.
We depict that a deep learning model may associate the im-
age label with both the appearance of the object of interest
as well as with areas and textures usually accompanying the
object. Our study demonstrates that implicit networks are
well-suited for the generation of attribution masks and can
provide interesting insights about the performance of deep
learning models.

1. Introduction

Neural networks have achieved remarkable performance
in various computer vision problems. However, explain-
ing deep learning models in a way that humans can eas-
ily understand is essential for various applications, espe-
cially in medical fields [38]. Despite their excellent perfor-
mance, deep neural networks struggle with the well-known
"black box’ problem, which undermines confidence in the
network’s predictions. Methods for explainable artificial
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intelligence have been intensively studied to help better un-
derstand the logic behind the network’s predictions. Ex-
plainable methods have the potential to detect subtle clas-
sification errors, enabling the addressing of unexpected and
unwanted behaviors of the networks, and consequently help
develop more efficient and trustworthy deep learning mod-
els.

Attribution methods constitute an important area of ex-
plainable deep learning. The attribution problem involves
finding parts of the network’s input that are the most respon-
sible for the model’s output. In studies on convolutional
networks, attribution methods commonly compute saliency
maps that highlight input image regions important for the
output. Saliency maps assign a score related to prediction
importance to each pixel of the input image. The most ba-
sic attribution approach is based on perturbing input im-
age pixels and determining the effect of that change on the
prediction. Clearly outlining the regions important for the
prediction, pointing out the desired objects, is vital for in-
creasing confidence in deep learning methods. However, as
highlighted in previous studies, perturbation-based methods
are associated with several challenges [10]. Firstly, perturb-
ing all possible combinations of image pixels is infeasible
from the computational point of view. As a remedy, the im-
portance mapping is commonly treated as an optimization
problem, with carefully designed loss functions and con-
straints ensuring plausible perturbations. For instance, to
avoid adversarial effects, the extremal perturbations tech-
nique aims to generate perturbations that have a specific
smoothness and size [10]. Secondly, attribution methods
usually aim to determine small perturbations that have a
potentially large impact on the network’s prediction. How-
ever, as presented in recent studies, multiple independent
explanations might exist for a single image, and determin-
ing them might provide additional insight about the deep
learning model [23,27].

Implicit neural representations (INRs) have recently
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gained attention in computer vision and medical image
analysis (see the Related Work section for a list of poten-
tial applications). INRs serve as a continuous, nonlinear,
and coordinate-based approximation of the target quantity
obtained through a multi-layer perceptron (MLP). Due to
this flexibility, implicit networks are especially well-suited
for representing complex mappings, for instance represent-
ing objects of variable geometry [20]. Moreover, implicit
networks can leverage custom objective loss functions for
optimization, jointly addressing various tasks such as im-
age reconstruction and inpainting [19]. Due to this versa-
tility, implicit networks have been used to address various
complex problems, often requiring case-by-case optimiza-
tion, which would be difficult to tackle using standard opti-
mization algorithms or convolutional networks that demand
large volumes of training data [31].

In this work, we explore the use of implicit networks
for explainable deep learning. As far as we know, implicit
networks have not been yet used to generate visual explana-
tions. Our main contributions are as follows:

* We demonstrate that INRs constitute a good frame-
work for generating explanations. In comparison to
attribution techniques based on standard optimization
procedures, implicit networks provide a convenient
way to consider non-linear and continuous relation-
ships between the input image pixel coordinates and
their importance for the model’s prediction. Moreover,
implicit networks can be trained using complex cus-
tom loss functions, enabling the association of the at-
tribution mapping problem with other computer vision
tasks, such as segmentation.

* We use INRs to reformulate and extend the extremal
perturbations technique [10]. Originally, this tech-
nique was introduced to determine attribution masks
obtained with an optimization procedure to output a
mask that is smooth and covers a specific pre-defined
area. However, the optimization procedure has to be
repeated for each area constraint to determine mask ex-
pansion, which leads to masks that are not continuous
with respect to the area constraint. Here, we present
that this problem can be mitigated with properly con-
ditioned implicit networks, see Fig. 1.

e We present an iterative method based on INRs that
can be used to generate multiple explanations for the
same input image. This is achieved by utilizing a
segmentation-related loss function for the training of
the implicit network, which ensures that the newly
generated attribution masks do not overlap with the
previous explanations. We demonstrate that this ap-
proach can provide useful insights about mechanisms
guiding network predictions.

2. Related Work

Explainable artificial intelligence is an intensive area of
research in computer vision and medical fields. Below, we
discuss the prototypical attribution methods for the selected
families of techniques. For a more detailed description of
the attribution methods, we refer to one of the recent review

papers [2,25,35].
2.1. Attribution methods
2.1.1 Perturbation-based methods

This family of attribution methods aims to occlude the input
image with different types of perturbations and then assess
the resulting change in the model’s output. For instance,
the model-agnostic meaningful perturbations technique op-
timizes a spatial perturbation mask indicating the image re-
gion that maximally affects the output of the model [11].
The extremal perturbations method extends the meaning-
ful perturbations framework by introducing additional mask
smoothing factors and an area loss function [10]. Lever-
aging the meaningful perturbation approach, a U-Net-like
masking model was trained on ImageNet to generate attri-
bution masks [7]. While fast at inference, this method re-
quires large volumes of training data, making it infeasible to
apply for small datasets, or associating the mask generation
problem with other tasks. Moreover, the RISE technique
probes the deep learning model with randomly masked ver-
sions of the input image to determine image regions impor-
tant for the predictions and derive a saliency map [22].

2.1.2 Activation-based methods

These attribution techniques utilize network weights and ac-
tivations at specific layers to generate saliency maps. For in-
stance, the prototypical Class Activation Map (CAM) tech-
nique combines the weights of the last layer with its activa-
tions to compute a low-resolution saliency map [46]. Var-
ious approaches have been proposed to improve the CAM
method, including the popular GradCAM algorithm [26], as
well as other extensions, such as AblationCAM [24], CAM-
ERAS [14], GradCAM++ [6], and Score-CAM [39], to
name a few. Leveraging CAM techniques and perturbation-
based approaches, in OptiCAM, the saliency map is opti-
mized on a per-case basis by combining the weights of the
model and the activations via a standard numerical proce-
dure [45].

2.1.3 Propagation-based methods

This family of techniques generates saliency maps based on
gradients back-propagated from the selected model’s out-
put to the input. In the most basic approach, the back-
propagated gradient is considered as a saliency map [28]. In
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Figure 1. A comparison between the extremal perturbations technique and the proposed attribution method based on implicit networks,
which due to the conditioning mechanism ensures more continuous and well-behaved attribution mask with respect to the mask area

constraint. Percentage indicates the area of the attribution mask.

the guided back-propagation technique, the backward pass
for the ReL U activation functions is modified to enhance the
gradient flow and, consequently, the saliency map. Decon-
vNet utilizes deconvolution operations to map prediction-
related activations back through the network to the input
image space [33]. More recent methods are based on layer-
wise relevance propagation [3] or various approaches to gra-
dient computations, such as in SmoothGrad [32].

2.2. Implicit neural representations

Coordinate based implicit networks have proven to be
an efficient methods for various problems encountered in
computer vision, such as view synthesis [16], image recon-
struction [3 1], signal processing [42], shape modelling [43],
image stylization [9] and image generation [29], to name a
few applications. In medical image analysis, neural implicit
segmentation functions have been proposed for cardiac seg-
mentation in magnetic resonance imaging [34], as well as
for image registration [40], image decomposition [5] and
vascular modelling [1]. In the context of the model inter-
pretability, various studies have been conducted to better
understand the mechanics of implicit networks, for exam-
ple by interpreting implicit networks as Fourier series [4]
or examining INRs using neural tangent kernel [13, 44].
For more applications of INRs, we refer to review pa-
pers [18,41].

3. Methods
3.1. Perturbation analysis with implicit networks

In this section, we describe our approach to the attribu-
tion mask generation with INRs in the context of the ex-
tremal perturbations technique.

Let @ stand for the deep learning model we wish to ex-
amine with the attribution method. Given a color image
I € R? - R3, let (1) € [0,1] indicate the post-softmax
probability that the input image belongs to the category of
interest. In addition, let x € R? — [0,1]? stand for the
coordinates of the input image pixels defined on a normal-
ized 2D grid, with = € [0, 1]? indicating the 2D coordinate
of a single pixel. The perturbation analysis deals with find-
ing a mask M which assigns to each input pixel a value
M(z) € [0,1], where M (z) = 1 indicates that a pixel is
important for the prediction and M (x) = 0 otherwise. Ide-
ally, the mask should point out a coherent part of the image
that contributes to the prediction. To assess the importance
of the region corresponding to the mask, we modify the in-
put image according to the following equation:

I=MeI+1-M)eT, (1)

where ® is the Hadamard product and I’ stands for the per-
turbed image, commonly obtained using either the Gaussian
blur perturbation or the fade-to-black zero matrix perturba-
tion.

Following the extremal perturbation method, we con-
sider finding the mask M as an optimization problem, as-
sociated with the minimization of the following loss func-
tion [10]:

Lo(M)=—-®(MI+(1—M)I")+ X Ro(M). (2)

The term R, (M) is a regularization function that enforces
the mask area to be equal to a, and A, stands for the weight-
ing parameter. To constrain the area, the values of the mask
M are vectorized and sorted in increasing order to form
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Figure 2. Scheme illustrating the method proposed in this study. We used a coordinate-based implicit network to compute an attribution
mask of size specified by the area parameter. For visualizations, we present blacked-out masks. In implementations, the network processed

blurred images, see eq. 1.

a vector vecsorty; € [0,1]1M]) with |M| indicating the
number of the mask pixels. To constrain the mask area to
a € [0,1], an auxiliary vector r, € [0, 1]/M! is introduced,
which consists of (1 — a)| M| zeros followed by a| M| ones.
Then the regularization function is expressed in the follow-
ing way:

Ry (M) = ﬁ Z (vecsortyy (i) — 74 (i))%. (3

In this work, we utilize coordinate-based implicit net-
works to represent the attribution masks. The network has
the following general architecture:

FE([z, a]), =0
filz,e)=4qp (W(l)fl—1(1‘,c) +b0), le{l,..,L-1}
o (W(l)fl_l(:c, c)+ b(l)) , =1L
“)
where x and a indicate the input 2D coordinates and a vec-
tor of area value parameters used to condition the network.
p and o stand for the ReLU and sigmoid activation func-
tions, respectively. W and b)) correspond to the weight
and bias of the [-th layer. FE is the Fourier encoding uti-
lized to compensate for the frequency bias resulting from
the utilization of the ReLLU activation functions [37]. We
found that inputting the area condition parameters together
with the coordinates worked well in our experiments. This
approach directly relates the coordinates with the condition
parameters and ensures a certain level of smoothness in the
output function.
To obtain a smooth attribution mask M having area
parameter of a, we imitate the approach from the origi-
nal study and process the output of the implicit network

with a filter based on the radial basis function, M, =
Filter(fr(z,a)) [10]. The resulting mask is a function of
the area parameter. Next, we search for the smallest mask
area according to the following formula:

a* :min{a:@(Ma(@I—i—(l—Ma)@I’) > <I>0},
)
where ®( stands for a post-softmax probability threshold
corresponding to a correct prediction. M~ indicates the ex-
tremal attribution mask, corresponding to input image area
that is sufficient for the network to provide an accurate pre-
diction. Our approach is depicted in Fig. 2.

3.2. Generating multiple explanations

Multiple explanations might be present for a single im-
age, which may occur in the case of occluded objects or
images presenting multiple objects [23,27]. A deep learn-
ing model may also assign varying levels of importance to
different segments of an object, making predictions based
solely on the presence of specific object parts. We propose
an iterative algorithm based on implicit networks, which
can be used to generate multiple explanations. Given an
attribution mask obtained using the perturbation analysis,
we tackle the problem of whether we can generate a sub-
sequent attribution mask, which does not overlap with the
first one and similarly presents an image region important
for the model’s prediction. Our approach works in an itera-
tive manner; given a baseline attribution mask M b we train
an implicit network using the following loss function:

Loie(M, M®) = Lo (M) + NiLaice(M, M), (6)

where Lgice(M, M?) is a soft Dice-based loss function,
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Algorithm 1 Generating multiple attribution masks

Input: Deep learning model ®, input image I, perturbed
input image I’, initial baseline attribution mask M©,
number of attribution masks to generate N.

1: forn < 1to N do

2: Mb = Z?:() M?

3. M" = clamp(M?®,0,1)

4:  Train the implicit network from scratch using loss
function from eq. 6, utilizing ®, I, I’ and M b

5:  Use the trained implicit network to generate the attri-
bution mask M,

6: end for

7: Output: Set of attribution masks {M"}V_ .

equal to 0 when M and M" do not overlap and 1 vice
versa [17]. Aq4 stands for the weighting parameter. By utiliz-
ing a Dice score-based loss function, we ensure that the new
mask is actively pushed to avoid overlapping with the base-
line mask M°®. Algorithm 1 depicts our iterative approach
to attribution mask generation. To determine a subsequent
baseline mask, we combine the previously computed masks
into a single new mask M?, and then re-train the implicit
network using eq. 6.

3.3. Evaluations
3.3.1 Attribution mask evaluation

Explainable methods typically serve as a tool for visual in-
spection of mechanisms governing the prediction genera-
tion process. Quantitative evaluation remains challenging
as the attribution masks may depend on the performance
of the deep learning model and its internal biases. More-
over, multiple visually plausible explanations for a model’s
prediction may co-exist for a single input image. Common
approaches to saliency map evaluation include the pointing
game metric and various overlap scores designed to com-
pare the saliency map area with the reference object seg-
mentation. In this work, we used the precision score for
the evaluations, which can be expressed with the following
equation:

|[M NS
M|

with M and S indicating the attribution mask and the ref-
erence segmentation, respectively. By using the precision
score, we aim to evaluate if the computed attribution mask
is within the reference segmentation mask. Moreover, we
introduce a hit rate metric, which we define as a percent-
age of attribution masks presenting a precision score above
0.5 (at least half of the mask within the reference segmenta-
tion), which we believe is more suited for evaluations than
the pointing game metric that may produce zero scores both

Precision =

(N

for masks that point out borders of the object and regions
slightly outside the reference segmentation. Also, as stated
in [10], a single attribution mask is not suited for the point-
ing game metric, as the mask commonly does not present a
single spatial point corresponding to the maximal saliency
score.

In addition, in this study, we trained the implicit network
five times for each input image to evaluate the variability of
the mask generation procedure with respect to the network
weights initialization. Given the five attribution masks, we
determined the mean performance scores for each image.

3.3.2 Datasets

We used the ImageNet-S5o validation dataset, which in-
cludes detailed semantic segmentations for 752 ImageNet
images corresponding to 50 categories [12]. For the evalua-
tion, we examined the ResNet50 model from the PyTorch
model zoo [21]. Moreover, we also employed the 2007
PASCAL VOC test dataset [8]. To assess the attribution
techniques, we generated rectangular segmentations based
on the reference bounding box annotations. For the evalu-
ation, we utilized the ResNet50 model from the TorchRay
library, which was pre-trained to classify 20 PASCAL VOC
categories [10]. Following the TorchRay library, we used
2230 images corresponding to difficult cases. Unless ex-
plicitly stated, all visualizations presented in this study were
generated for the PASCAL dataset.

3.4. Implementation details

The perturbed images were generated with a Gaussian
filter. We used the same MLP architecture for all exper-
iments in this study. Each implicit network included five
fully connected hidden layers, each with 256 neurons. In
addition, we used the Fourier input mapping with six fre-
quencies and 128 components to encode both the spatial
coordinates and the area constraint parameter [37]. Fol-
lowing the extremal perturbation study, we investigated the
area constraint parameter in range of [0.025, 0.2], which
was scaled before training to [0, 1] to match the range
of the coordinates [10]. Adam optimizer with a learning
rate of 0.0001 was used to train the networks on a single
NVidia 4090 GPU [15]. Each network was trained for 4000
epochs, with each epoch corresponding to a batch of all
pixel coordinates and the scaled area parameter uniformly
sampled from [0, 1]. A, and A4 were set to 1. After the
training, to determine the attribution mask for the extremal
perturbation technique and the proposed method, we exam-
ined area parameters equal to {0.025, 0.05, 0.1, 0.2} [10].
These two attribution methods were additionally compared
with the GradCAM and RISE techniques [22, 26], which
correspond to popular activation-based and perturbation-
based approaches. To generate binary attribution masks
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Figure 3. Illustration of the attribution masks generated with the proposed method. We found that an implicit network could converge
to solutions presenting different visual explanations, depending on the network weight initialization. Percentage indicates the area of the

attribution mask.

for the saliency maps computed with the GradCAM and
RISE techniques, we applied thresholding as in [46]. The
saliency maps scaled to range of [0,1] were thresholded
with manually selected cut-off values of 0.2 and 0.5 for
the ImageNet and PASCAL VOC datasets, respectively.
All computations were performed using PyTorch 2.1.2 in
Python [21]. Implementation of the proposed method is
available at github.com/mbyr/INR-EXP.

4. Results
4.1. Perturbations with implicit networks

Fig. 1 visually compares the proposed INR-based
method with the extremal perturbations technique. Due
to the conditioning mechanism, our approach determines
smoother and more continuous attribution masks with re-
spect to the area constraint parameter. In contrast, the ex-
tremal perturbations technique computes each attribution
mask from scratch for each area parameter, resulting in less
spatially continuous masks as different regions can be se-
lected from run to run. Moreover, we found that our method
achieved better monotonic correspondence between the area
constraint and the actual calculated mask area. In addition,
Fig. 3 presents several more examples illustrating the per-

formance of the proposed method. Here, the images from
the last two rows demonstrate that the determined explana-
tions may not be unique, as different network weight initial-
ization may result in plausible but non-overlapping attribu-
tion masks.

Qualitative comparison between the proposed method
and several other popular attribution techniques is presented
in Fig. 4. Here, we can notice the diversity between the ob-
tained explanations, associating importance to various parts
of the input image. For example, for the results in the sec-
ond row, obtained for the cow’ category, saliency maps
highlight different parts of the cow’s face. Quantitative
performance scores are depicted in Table 1. For the Im-
ageNet dataset, featuring detailed semantic segmentations,
our method outperformed the other techniques, achieving a
mean precision score of 0.68. For the VOC dataset, which
includes rough bounding box segmentations, we obtained
a mean precision score of 0.44 for our method, which was
better compared to the RISE and GradCAM techniques but
slightly worse than for the extremal perturbation algorithm,
0.46. However, additional statistical analysis based on the
t-test (p < 0.05) presented that there were no significant
difference between our method and the extremal perturba-
tion technique on the VOC dataset. In addition, we evalu-
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Table 1. Precision scores (hit rates) were determined for the inves-
tigated methods using the ImageNet and PASCAL VOC datasets.
For the ImageNet dataset, which features detailed semantic seg-
mentations, our method outperformed the other techniques. For
the VOC dataset, which includes rough bounding box segmenta-
tions, our method achieved slightly worse results than the extremal
perturbation technique, but the difference was not statistically sig-
nificant.

Method ImageNet vVOC

RISE 0.36 (0.28) | 0.39(0.37)
GradCAM 0.58 (0.60) | 0.38 (0.37)
Extremal perturbation | 0.63 (0.71) | 0.46 (0.47)
Proposed, mean 0.68 (0.73) | 0.44 (0.44)

ated the training time of the implicit network on our GPU,
which was equal to approximately three minutes.

4.2. Multiple explanations

Fig. 5 illustrates the first three explanations obtained
with the proposed iterative approach. The method deter-
mined non-overlapping visual explanations related to dif-
ferent parts of the input image. For example, in the second
case, to predict the ’plane’ category, the network associates
importance with different parts of the plane. Fig. 6 shows
an image with five explanations, demonstrating an impor-
tant finding: the network not only associates the boat’ cat-
egory with different parts of the boat but also with surround-
ings commonly accompanying the boat, such as water and
blue sky. Notice that for the fifth explanation, the proposed
method highlighted both the sky and the water, suggesting
that these two regions might be visually compared within
the network to provide correct prediction.

GradCAM Extremal perturbation Proposed

Figure 5. We used implicit networks to generate multiple non-
overlapping attribution masks, separately highlighting different
parts of the input image that are important for the prediction.

We evaluated the consecutive explanations obtained for
the ImageNet dataset, with results presented in Table 2. The
precision score gradually decreased from 0.68 in the first
iteration to 0.30 by the third iteration. This result clearly
demonstrates that subsequent explanations tend to be more
often associated with the borders of the reference segmenta-
tion mask or even with regions outside the mask. However,
this was not always the case. Some attribution masks gen-
erated during the second and third iterations showed larger
overlaps with the reference mask, evidenced by a maximum
precision score of 0.73 (mean score over the maximal pre-
cision value of all three subsequent explanations).

5. Discussion

In this work, we proposed a novel model-agnostic ap-
proach to attribution mask generation. Given an input im-
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Table 2. Performance on the ImageNet dataset. Precision scores
(hit rates) were computed for the subsequent attribution masks
generated with the proposed iterative procedure (Algorithm 1).
Max indicates the performance when selecting the mask with the
highest overlap over the three iterations.

Method Precision (hit rate)
Iteration #1 0.68 (0.72)
Iteration #2 0.42 (0.42)
Iteration #3 0.30 (0.24)

Combination, max 0.73 (0.77)

Figure 6. The proposed technique for iterative explanation gener-
ation can be used to provide important insights about the perfor-
mance of the deep learning models. This example shows that the
network associated the "boat’ category not only with the parts of
the boat, but also with the sky, clouds and water.

age and a deep learning model, we trained an implicit
coordinate-wise network to output the attribution mask
highlighting image regions important for the prediction. By
using INRs, we extended the extremal perturbations tech-
nique. Conditioning the implicit network resulted in at-
tribution masks that are well-behaved with respect to the
imposed area constraints. Next, we developed a novel ap-
proach for multiple explanation generation. We modified
the loss function to train implicit networks to generate non-
overlapping attribution masks, pointing out different impor-
tant parts of the input image. This way, we found that a
prediction model may associate the image label with both
the appearance of the object of interest as well as with areas
and textures usually accompanying the object (e.g., boat vs
water). Such findings, demonstrating different operational
mechanisms behind the models, are crucial for ensuring ro-
bustness in applications.

Utilization of implicit networks offers several advan-

tages for explainable deep learning. Firstly, our study shows
that, compared to standard attribution methods, various con-
ditioning mechanisms can be considered in the optimization
of the coordinate-wise implicit network, enabling control
over the attribution mask generation procedure. Secondly,
the training of the implicit network can be performed using
various custom loss functions, opening new and interest-
ing directions for the development of explainable methods.
Aside from the approach presented in this work, the attribu-
tion mask generation procedure could be jointly performed
with the input image regression or coordinate-wise image
perturbation.

There are several limitations to this work. Firstly, our
method explains a ’black-box’ deep learning model by
training another neural network, which can itself be con-
sidered as a ’black-box’ model. Therefore, the proposed
method might be considered less trustworthy than other at-
tribution techniques. Secondly, training the implicit net-
work requires far more time compared to techniques such as
GradCAM, which are based on a single forward/backward
pass. However, this limitation could be mitigated by using
meta-learning-based weight initialization [30, 36]. Thirdly,
while framing the attribution mask generation problem as
an optimization task has several advantages, it also presents
several challenges, such as the network divergence issue or
the requirement to balance loss function components. Al-
though we examined our approach using two datasets, it
might be more difficult to converge the network for high-
resolution images due to, for instance, GPU memory con-
straints.

6. Conclusion

We believe that our study presents several novel and in-
teresting insights about the explainability of deep learning
models. Our work demonstrates that implicit networks are
well-suited for the generation of attribution masks. We de-
vised an algorithm that can be used to provide multiple vi-
sual explanations, improving the understanding of a net-
work’s performance. In the future, we plan to examine
different conditioning mechanisms. For example, it would
be interesting to utilize implicit networks to associate the
attribution mask generation process with other tasks, such
as image decomposition or coordinate-wise image pertur-
bation.
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