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Abstract

Deep Learning has revolutionized machine learning, reach-
ing unprecedented levels of accuracy, but at the cost of re-
duced interpretability. Especially in image processing sys-
tems, deep networks transform local pixel information into
more global concepts in a highly obscured manner. Ex-
plainable Al methods for image processing try to shed light
on this issue by highlighting the regions of the image that
are important for the prediction task. Among these, Class
Activation Mapping (CAM) and its gradient-based vari-
ants compute attributions based on the feature map and
upscale them to the image resolution, assuming that fea-
ture map locations are influenced only by underlying re-
gions. Perturbation-based methods, such as CorrRISE, on
the other hand, try to provide pixel-level attributions by per-
turbing the input with fixed patches and checking how the
output of the network changes. In this work, we propose
Feature Activation Map Explanation (FAME), which com-
bines both worlds by using network gradients to compute
changes to the input image, manipulating it in a gradient-
driven way rather than using fixed patches. We apply this
technique on two common tasks, image classification and
face recognition, and show that CAM’s above-mentioned
assumption does not hold for deeper networks. We quali-
tatively and quantitively show that FAME produces attribu-
tion maps that are competitive state-of-the-art systems. Our
code is available: https://github.com/ATML-IFI/1

1. Introduction

Image processing networks extract information from an im-
age in highly non-linear and obscured ways to reach their
excellent performance in several tasks, such as Image Clas-
sification (IC) and Face Recognition (FR). While early net-
works [15] were shallow enough for partial layer-wise visu-
alization [35], modern architectures with hundreds of lay-
ers are far too complex to inspect individually. Therefore,
research on eXplainable Al (XAI) has moved toward attri-
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bution methods, only highlighting the regions in the image
that are influential to the decision process.

There exist two main streams of attribution methods.
Gradient-based Class Activation Mapping (Grad-CAM)
[30] and its variants make use of gradient information (see
Sec. 3.1) and feature map activations to produce attribution
maps. Since attributions are created in the size of the fea-
ture map, they are upscaled to image resolutions to provide
pixel-level attributions. This upscaling is based on the as-
sumption that elements in the feature map are influenced
only by the underlying pixels. However, receptive fields
of deep networks are much larger, and we show in our ex-
periments that this assumption does not hold. Perturbation-
based methods [13], on the other hand, do not make use of
the network’s gradient. Instead, they perturb local parts of
the inputs and test how the prediction changes. For exam-
ple, in an image classification task, when important parts of
the input are perturbed, the prediction of the correct class
should reduce [8]. However, the correct way to perturb
images is unclear. For example, when adding local black
squares or noise, such perturbations induce sharp edges into
the input, which might represent features of some classes.
When blurring local regions, this does not necessarily re-
move important information as modern networks are well-
able to handle highly-blurred images [26].

In our proposed Feature Activation Map Explanation
(FAME) we combine the two aspects by using network gra-
dients that go back to the input level [12, 19] to compute
attribution maps at the pixel level. Particularly, we exploit
an iterative method that we had originally developed as ad-
versarial attack [28], where we modify the original image in
a more principled way in order to change network outputs,
and interpret adversarial perturbations as an attribution map.

Depending on the target layer where we extract the net-
work’s output, and on the loss function used to obtain gra-
dients, FAME can be applied to highlight various particu-
larities. We start by extracting elements from the feature
map and show that their receptive field is much larger for
deeper networks than anticipated by CAM-based methods.
Successively, we apply FAME on the predictions of classi-



fication networks, producing more fine-grained attribution
maps that capture model-relevant sensitivity patterns be-
yond CAM-based methods. Finally, we show the generality
of our method by highlighting similar and dissimilar regions
of a pair of faces involved in a verification process. We
quantitatively evaluate FAME against state-of-the-art meth-
ods and show that it is able to highlight important regions in
the image similarly to or better than competitors. We also
qualitatively show that FAME attributions cover more and
better regions of objects than related methods.

2. Related Work
2.1. Deep Learning and the Black-Box Problem

Deep neural networks have achieved state-of-the-art per-
formance across vision tasks such as Image Classifications
(IC) [11] and Face Recognition (FR) [5]. In IC, networks f
learn to hierarchically extract discriminative visual features
 and predict the logits z that assign semantic labels to en-
tire images. In FR, given a pair of images, one from gallery
Zp, and one from probe x,,, FR systems f learn to embed
facial representations in a compact feature space, and com-
pute the similarity to distinguish if they are from the same
identity [25]. However, these deep networks are often con-
sidered as black boxes, making it difficult to understand the
reasoning behind their predictions or detect potential biases
and vulnerabilities [33]. This lack of transparency compli-
cates the understanding of the performance degradations of
IC and FR systems, which decrease under extreme condi-
tions, such as variations in pose, quality, and occlusion.

2.2. Explainable AI techniques

EXplainable Artificial Intelligence (XAI) aims to make
deep learning models more interpretable by addressing their
black-box nature [17, 22]. Generally, XAl approaches are
divided into intrinsic methods that design inherently inter-
pretable models [29], and post-hoc methods that explain the
behavior of complex pre-trained models without modify-
ing their structure [16]. The latter have become the dom-
inant choice for explaining deep neural networks due to
their flexibility and scalability. Amongst these, Class Ac-
tivation Mapping (CAM) [30] visualizes discriminative re-
gions by backpropagating gradients from the output to fea-
ture maps. Its extensions, such as Grad-CAM++ [2] and
HiResCAM [7], improve spatial precision. FullGradCAM
[32] aggregates full-gradient contributions from both the in-
put and all intermediate feature maps, thereby incorporat-
ing multi-layer information beyond single-layer approaches
like Grad-CAM. Lately, research has turned to make use of
gradients to the input [12, 19], see Sec. 3.2.

In contrast, perturbation-based methods generate expla-
nations by measuring the impact of input modifications on
model outputs. For example, Lu et al. [18] proposed Corr-

RISE to explain deep face verification models. They ex-
tended the RISE framework [24] to the face verification set-
ting by computing Pearson correlation between randomly
masked input face images with the similarity scores be-
tween two images. CorrRISE produces two saliency maps
that highlight regions contributing to higher (similar) or
lower (dissimilar) similarity. Although CorrRISE provides
a baseline for explaining similarity decisions, it relies on
random input masking, which introduces stochasticity and
depends on manually-defined mask parameters.

2.3. Evaluation Metrics for XAI Techniques

Unfortunately, there is no universally-accepted metric for
evaluating visual explanations, and different tasks often
require different evaluation criteria. Adebayo et al. [1]
even question whether using one Al model to validate an-
other provides principled guarantees, showing that certain
saliency maps are insensitive to model parameters. For IC,
Intersection over Union (IoU) [36] is commonly used to
measure the spatial overlap of attribution heatmaps with
ground-truth regions, suitable for localized explanations.
Remove and Debias (ROAD) [27] mitigates confounding
effects in removal-based evaluations, improving reliability
without requiring model retraining. Deletion and Inser-
tion curves [24] evaluate how model confidence changes as
salient pixels are progressively removed from the original
image, or added to an empty canvas. Lu et al. [ 18] extended
the Delete and Insert metric for face verification.

3. Method

Our explainable Al method, the Feature Activation Map Ex-
planation (FAME) is built on the basis of our Layerwise
Origin Target Synthesis (LOTS) [28] that we originally de-
signed for adversarial attacks. LOTS iteratively computes
pixel-level perturbations to the original image such that the
network output at a certain layer represents a specific target.
We reinterpret this method and turn it into an explainable Al
technique, providing fine or coarse input-level attributions.

Subsequently, we make use of the following notation.
For a given input image € RE*#*W with C color chan-
nels and spatial dimensions H x W, a deep network f(x) is
composed of | = 1,..., L layers f!(-) which are concate-
nated to produce O output logits z € R?:

z=fL<fL‘1(fL‘2(“~f1(x)--'))) M

We particularly look into the output of two layers. One is
the last convolutional layer a = f'a(-)," which is typically
l, = L — 2, that extracts the feature map a € R *HaxWa

ISimilar concepts exist for Vision Transformer networks, but we leave
the evaluation of these to future work.



with increased channels C, > C' and reduced spatial di-
mensionality H, x W, <« H x W. The other layer
of interest is the embedding layer ¢ = fl(a) (typically
l, = L — 1) that processes a transformed feature map a
into an embedding ¢ € R For IC, the feature map trans-
form is often a global pooling with & € R% and the logits
z are typically used to predict the class of interest. For FR,
the feature map a is flattened to @ € R% He'Wa and spe-
cialized logits [6, 14, 21] are used to train discriminative
features . Features ¢, and ¢, are extracted for a gallery
x4 and a probe image x,, and compared using cosine, i.e.,
the dot product of the normalized embeddings:

T
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3.1. Grad-CAM

Gradient-based Class Activation Mapping (Grad-CAM)
makes use of the gradient [30]. In the case of image clas-
sification, this gradient is the partial derivative 0z,/da[k]
of the logit for a given class o € [1,0] to a specific ele-
ment a[k] € R of the feature map with the location in-
dex k € [1, H,] x [1,W,]. These derivatives are combined
with the feature map in various ways [2, 7] to produce an
intermediate attribution map ¢ € RH«Wa  which is then
max-normalized and bilinearly interpolated to e € R¥W

Grad-CAM was also extended to explain FR by back-
propagating the similarity score s. Specifically, to avoid
including the normalization factor from (2), Zhu et al. [37]
compute dp, p/day[k] and Do) ¢y, /Dagy[k].

3.2. FGGB

Recently, research has turned to using backpropagation of
face embeddings ¢ to the input to compute attribution maps
e. For example, Huber et al. [12] compute the Hadamard
product between two embeddings: v = ¢4 © ¢p, which
they split into v and v_, depending on whether v; exceeds
a specific threshold 6. They backpropagate the average v
(and v_) separately: e, = Jv;/Ox,. Based on this, Lu
et al. [19] proposed Feature-Guided Gradient Backpropaga-
tion (FGGB) by backpropagating each v; to produce differ-
ent e; per embedding dimension ¢ separately, and normalize
the attribution maps individually. They compute weighted
averages e = »_.(v; — 6)e;, which can be split into similar
and dissimilar maps e and e_ by thresholding e at 0.

Both works make use of a fixed threshold 6 that is se-
lected based on the EER [12].> While FAME explores a
similar idea, it does not rely on such an arbitrary threshold.
Additionally, previous methods [12, 19] are constrained to
a particular task, face verification, whereas FAME can be
adapted to various attribution tasks.

2Actually, Lu et al. [19] does not explain how 6 is selected, so we as-
sume that this is identical to [12].

3.3.LOTS

The Layerwise Origin Target Synthesis (LOTS) developed
by Rozsa et al. [28] is used to create an adversarial image
T € REXHXW that fools the network to change its pre-
diction toward a specific target ¢; at layer [ of the network.
Starting from & = x, LOTS makes use of the gradient of
the loss £, which is normalized by the maximum absolute
value of the gradient, to update Z iteratively:

U+ l
v, v, OLT@IY)

T<xT—m Br
T

max |Vz|
with a small step size > 0. To create a FR attack, the
adversarial probe image ,, is modified such that embedding
@p = fl(Z,) gets closer to the chosen gallery image t,, =
fle(xz4) = ¢, using Euclidean loss £ [28]. Importantly,
LOTS uses the normalized raw gradient in (3), providing a
different perturbation for each pixel, and not the sign as in
the famous Fast Gradient Sign attack [9] and its variations.

3.4. FAME

Taking a closer look at the result of LOTS, the optimization
procedure answers the question: How do the pixels in the
input image need to change to obtain the target as output?
This can be turned into the question: Which pixels in the
input image are most important to change the prediction?
by computing the adversarial perturbation:

Aw =3, @)

and converting it to grayscale.’ In order to turn this pixel-
level annotation to a more broad region annotation, and in
correspondence with [12, 19], the perturbation map Ax is
then smoothed using a Gaussian kernel (see Sec. 4.4 for the
effect of different blur kernel sizes), and max-normalized to
provide an attribution map e = [0, 1]7*", Through select-
ing specific target values ¢ and loss functions £, we apply
FAME to produce attribution maps for different purposes:
FAME for Feature Maps. One important question that we
ask in our evaluation is: Which pixels from the input im-
age contribute to single elements alk] in the feature map?
Such information is required to assess the viability of the
assumption of Grad-CAM, i.e., that only pixels under the
feature map location influence the feature and, therefore,
we can upscale the attribution map é defined in Sec. 3.1.
As the target ¢ in (3), we select the zero vector. While this
seems unintuitive upfront, we want to know: Which image
pixels have to be removed in order to extract no informa-
tion at a[k]? This is semantically similar to: Which pixels
contain information that influence alk)?

3Theoretically, we could also compute different attribution maps for the
different color channels, but we leave this to future work.
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For each feature map location k, we penalize only the
activation at that spatial location and ignore all others:

Ly(alk] | 0) = ||a[k] - OH1' (5)

Applying FAME to £, in (3) yields a local attribution at
location k. Repeating this process over all locations k pro-
duces spatially resolved feature-attribution maps.
FAME for Image Classification. We follow the idea of
Grad-CAM and define our loss as the logit of a given class
o directly: L.s = z,, which we backpropagate via (3). Un-
like CAM-based methods that localize attribution regions in
intermediate layers, FAME directly highlights input pixel.
FAME for Face Recognition. We make use of two nor-
malized" embeddings ¢, and ¢, extracted from gallery z,
and probe image x,,, respectively, from which we calculate
the similarity s via (2). Similar to Zhu et al. [37], we di-
rectly minimize the similarity itself to obtain the regions e
that are important in both images. Following [12, 18, 19],
we estimate dissimilar regions e_ by minimizing £_, but
without requiring any particular threshold:

Ly(zp|zg) =s L_(zp|lzg)=1—5s. (6)
When we backpropagate to either x, or x,, we keep ¢,
or ¢, frozen, respectively. Intuitively, £ highlights pix-
els whose modification most reduces similarity, i.e., re-
gions supporting the perceived similarity between the pair,
whereas £_ emphasizes pixels whose change most in-
creases similarity, revealing evidence for current dissimilar-
ity. We conjecture, though, that defining dissimilar regions
does not make sense in all cases; for example, it is difficult
to manually analyze which regions in a non-matching pair
should be most dissimilar. Thus, we show visual results for
e_ as a reference, but focus our analysis on e .

4. Experiments

To demonstrate the versatility of our proposed FAME
method across different visual understanding tasks, we con-
duct experiments on both IC and FR datasets. For IC, we
employ the ImageNet validation set [4], which contains
50,000 images from 1,000 object categories, providing di-
verse visual concepts and well-defined bounding boxes, al-
lowing quantitative evaluation of attribution maps. In our
experiments, we select 5 images for each of the 1000 classes
that are correctly classified by all employed networks, and
back-propagate the logits z, of the ground truth class.

For the FR task, we use three representative datasets:
AR Face [20], CFP [31], and SCface [10], since they al-
low for an unadulterated evaluation of specific conditions
of occlusions, face pose and image resolution, in opposi-
tion to other benchmark datasets that mix these conditions

4We do not compute gradients for the denominators in (2).

[18]. The AR Face dataset contains variations in occlusions
caused by scarves covering the mouth and sunglasses cov-
ering both eyes, and we follow standard protocols [3]. The
CFP dataset consists of frontal and profile faces with yaw
angles greater than 60°, where only one side of the face is
visible, and we adopt the default protocols [31]. SCface
is captured by indoor surveillance cameras under different
distances and resolutions, where the default protocols [34]
allow systematic evaluation of distance effects. We follow
standard image preprocessing and facial alignment routines.
During experiments, we compare performance of dif-
ferent models. For IC, we test three pretrained models:
ResNet34, ResNet50, and ResNet101, as well as the old
VGG19 network and the state-of-the-art ConvNeXt-Tiny
variant from the PyTorch [23] model zoo. For FR, to an-
alyze the impact of network depth on interpretability we
adopt IResNet101° along with two smaller variants, IRes-
Net18 and IResNet50 [14], all pre-trained with AdaFace.
Moreover, we compare our method with several repre-
sentative XAl techniques, including Grad-CAM [30] and
Grad-CAM-Elementwise (Grad-CAM-EW). For IC, we ad-
ditionally compare against HiResCAM [7] and FullGrad-
CAM [32], for FR we add CorrRISE [18] and FGGB
[19], to demonstrate the effectiveness and generalizability
of FAME across both tasks. For CorrRISE [18], we fol-
low most of the implementation details described in their
paper. Specifically, 500 random masks are generated for
each image pair, where each mask contains 10 black patches
with the size of 30 x 30 that are multiplied with the orig-
inal gallery and probe images to replace the corresponding
pixels separately. Since the official implementation is not
publicly available, we reproduce FGGB strictly following
the procedural details described in the original paper [19].
For FAME, we rely on the original LOTS parameters [28],
i.e., we use 7 = 1/255 and 500 iterations. For computing
the FAME attribution, we use a Gaussian blur with standard
deviation of 7.7, see Sec. 4.4 for a discussion on this choice.

4.1. How Reliable is CAM?

As stated above, CAM-based visualization methods assume
that elements in the feature map are only influenced by un-
derlying pixel areas. In this section, we use FAME via (5)
to falsify this assumption. Fig. 1(a) reveals that different
spatial positions in the feature map correspond to regions of
varying size and coverage in the input image. While some
locations focus on localized object parts (e.g., the bear’s
head or ear), others capture information from much broader
areas, extending across the body and surrounding back-
ground. This observation confirms that the receptive fields
of feature-map elements are neither uniform nor localized.
Some units integrate context from large regions of the input
image rather than from spatially fixed patches. Thus, inter-

Shtt ps://github.com/mk-minchul/AdaFace



(b) Face Recognition

Figure 1: FEATURE MAP VISUALIZATION. The figure shows
partial feature-map visualizations obtained using the proposed
FAME method via £, on the 7 x 7 feature map a. In (a), we show
one exemplary ImageNet image, for rows 1, 4 and 6 of the feature
map using ResNet101. In (b), we show the first row of features on
a profile face image, using three networks IResNet34, IResNet50,
and IResNet101. White borders indicate the pixels that lie under-
neath the particular feature map location a[k].

preting CNNs through upsampled activation-level maps, as
in CAM-based methods, can lead to misleading attribution.

To further verify this phenomenon, we apply FAME
on FR networks, where we systematically examine how
feature-map activations correspond to different input re-
gions across architectures of varying depth. As shown in
Fig. 1(b), the shallow network (IResNet34) tends to extract
information from relatively fixed local areas, i.e., each spa-
tial unit in the feature map corresponds to a specific region
in the input. In contrast, receptive fields of deeper networks
(IResNet50 and IResNet101) expand and shift, causing ac-
tivations at the top positions of the feature map to aggregate
information from central regions of the input face rather
than spatially aligned areas. FAME provides more reliable
spatial interpretation, since the elements of feature maps
are not fixed representations of input regions, especially in
deeper networks where receptive fields become large and
overlapping. It demonstrates that deeper architectures en-
code more abstract, globally integrated patterns, flagging
CAM-based methods as unreliable.

4.2. Image Classification

Visual Results. Fig. 2 qualitatively compares saliency
maps generated by Grad-CAM-EW and FAME across dif-

Table 1: QUANTITATIVE EVALUATION OF ATTRIBUTIONS
FOR IMAGE CLASSIFICATION. This table shows the quantita-
tive comparison of different XAI methods on ImageNet. Higher
IoU indicates better spatial alignment with ground-truth object re-
gions, while higher ROAD-Delete scores indicate faster perfor-
mance degradation when salient regions are removed.

ToUin % 1 ROAD-Delete 1
XAI thr=0.3 | thr=0.5 | thr=0.7 || P=10% | P=30% | P=50%
Grad-CAM 38.76 | 23.38 | 10.24 || 0.2665 | 1.0354 | 2.2562
Grad-CAM-EW || 40.15 | 24.40 | 10.70 || 0.2518 | 0.9749 | 2.1243
HiResCAM 38.76 | 23.38 | 10.24 || 0.2665 | 1.0354 | 2.2563
FullGradCAM 48.81 | 33.05 | 13.14 || 0.2527 | 1.0200 | 2.2888
FAME - L5 46.09 | 29.09 | 10.79 || 0.4253 | 1.1499 | 2.1672

ferent network architectures, including ResNet variants,
VGG19, and ConvNeXt-Tiny, on two ImageNet samples.
For the bird, Grad-CAM-EW often produces diffuse re-
sponses that extend to the surrounding context, such as
grass, or concentrates on the bird’s head only, whereas
FAME highlights regions concentrated around visually
salient locations across the bird, across different backbones.
In the elephant example, Grad-CAM-EW typically activates
broad areas mostly covering the head, while FAME empha-
sizes more compact regions around the entire body. No-
tably, attribution patterns of FAME are similar across all
networks. These qualitative results indicate that FAME can
be applied consistently across diverse deep network archi-
tectures, producing comparable sensitivity patterns.

Evaluation Metrics. To assess the quality of the expla-
nations produced by FAME, we employ two complemen-
tary evaluation metrics. Particularly, we adopt the Inter-
section over Union (IoU) metric as a localization proxy to
quantify the spatial overlap between attribution maps and
ground-truth object regions. While IoU does not constitute
a complete measure of explanation faithfulness, it remains
a widely used evaluation metric in recent work [16]. We re-
port IoU at multiple thresholds (thr = 0.3,0.5,0.7), where
lower thresholds yield broader saliency and higher thresh-
olds produce sparser, more discriminative maps. This eval-
uation allows us to analyze the robustness of different XAl
methods under varying levels of strictness in saliency selec-
tion. Complementing IoU, we adopt ROAD-Delete [27] as
a removal-based faithfulness proxy, where removal ratio P
denotes the percentage of pixels removed according to the
attribution ranking. It evaluates how rapidly model perfor-
mance degrades when the most salient regions are removed.
Consistent performance degradation across different P val-
ues indicates that the explanation reliably captures regions
that are critical to the model’s decision. While ROAD-Insert
is used for our FR part later, we do not adopt it for IC,
since object classification requires larger connected regions,
whereas pixel-level attribution methods produce more lo-
calized and disjoint regions in IC (cf. Fig. 2), while FR re-
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Figure 2: IMAGENET VISUALIZATION. The figure shows the saliency maps generated by Grad-CAM-EW (left in each pair) and
FAME (right) using different models on two ImageNet samples, evaluated with five different pre-trained networks.
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Figure 3: EXPLAINING FACE RECOGNITION. The figure provides a comparative visualization of explanation maps generated on
three representative datasets for genuine (same-identity) image pairs using IResNet101. XAI techniques include Grad-CAM, Grad-CAM-
EW, CorrRISE, FGGB, and FAME, including similar e and dissimilar attribution e_ where appropriate.

lies on more localized features.

Quantitative Evaluation. Tab. | reports the quantita-
tive comparison of different attribution methods on Ima-
geNet. In terms of IoU, FAME achieves competitive lo-
calization performance compared to CAM-based methods
while remaining slightly below FullGradCAM across dif-
ferent thresholds. This indicates that FAME provides rea-
sonable spatial alignment with object regions. However,
not all parts of the object are important for classification,
which shows conceptual limitations of the loU metric for
evaluation attribution. When using ROAD-Delete to evalu-
ate explanation quality through removal-based performance
degradation, FAME achieves the highest scores at P = 10%
and 30%, and remains competitive at higher removal ratios.
This suggests that the most important regions highlighted
by FAME are particularly relevant to the model prediction.

4.3. Face Recognition

Visual Results. Fig. 3 compares attribution maps from
different XAI methods on three representative datasets us-
ing the largest IResNet101 model; additional backbones are
shown in the supplemental material. Grad-CAM averages
channel weights across spatial locations (c¢f. [30]), which
assumes feature map pooling. Since FR networks do not

perform such pooling (¢f. Sec. 3), the resulting attributions
appear spatially inconsistent. Grad-CAM-EW highlights
non-specific and spatially disjoint facial regions. CorrRISE
produces separated regions for e, while e_ often corre-
sponds to background. These patterns remain noisy, partic-
ularly for small or low-resolution inputs in Fig. 3(b). FGGB
decomposes the evidence into two components based on the
threshold 6 (cf. Sec. 3.2), selected at EER [12, 19]. Al-
though it highlights e reasonably well, the spatial patterns
are less stable across datasets, especially under occlusion or
resolution degradation. The largely missing e_ visualiza-
tion in Fig. 3 reflects its sensitivity to the threshold 6.

FAME produces more spatially coherent and consistent
attribution patterns across datasets. On ARFace, FAME’s
e+ concentrates on non-occluded identity cues such as the
eyes and forehead, ignoring the covered mouth region,
whereas e_ highlights this region — for both gallery and
probe images. For SCFace, FAME remains robust to res-
olution degradation, with central activation near the nose
and mouth. On CFP, FAME captures the correspondence
between frontal and profile views, focusing on shared struc-
tural areas like the nose bridge and cheek contour. Interest-
ingly, this holds for both the similar and dissimilar maps,



Table 2: QUANTITATIVE EVALUATION OF FACE RECOGNITION ATTRIBUTION. This table compares different XAI methods
evaluated using the Delete (|) and Insert (1) metrics across multiple FR protocols. Three AdaFace-based backbones (IResNet18, IRes-
Net50, IResNet101) are tested on three datasets: AR Face, SCface, and CFP with default evaluation protocols. Best and second-best results

per model, protocol, and metric are highlighted.

ARface SCface CFP

FR model XAI neutral glass scarf close medium far FF FP
Delete | Insert | Delete | Insert | Delete | Insert || Delete | Insert | Delete | Insert | Delete | Insert || Delete | Insert | Delete | Insert
Grad-CAM 50.51 150.32] 63.77 |65.63 | 61.71 |81.78 || 66.56 |70.33 | 62.47 |63.03 | 53.64 |55.73 || 76.94 |89.02| 55.04 | 66.79
Grad-CAM-EW || 50.47 | 52.48 | 54.35 | 84.80| 57.42 |190.96 || 58.17 | 85.90| 55.95 [78.74| 51.88 [60.90 || 64.51 |95.45| 52.31 | 78.54
IResNet18 | CorrRISE ey || 50.47 |50.00 | 53.69 | 80.20 | 53.84 | 92.66 || 55.87 | 84.23 | 54.59 | 74.17| 51.30 {59.56 || 69.19 |94.43| 51.94 | 77.90
FGGB e 50.47 | 52.69| 52.85 | 75.93 | 54.10 | 85.44 || 55.83 [ 80.13 | 53.74 | 7291 | 51.35 |58.91 || 62.89 | 88.10| 52.19 | 73.31
FAME e 50.47 |52.78 | 53.06 | 85.43 | 53.41 |92.86|| 56.80 | 86.22| 55.05 | 78.53 | 52.40 | 60.67 || 60.75 | 95.58 | 51.87 |79.96
Grad-CAM 50.90 [50.81] 75.23 | 75.21 | 68.85 |78.29| 69.62 | 75.81| 63.00 |67.12 | 54.63 |57.34 || 79.11 | 88.60| 70.09 |83.29
Grad-CAM-EW || 50.77 | 54.23| 59.71 |90.88 | 57.44 |91.20 || 60.48 | 87.92| 56.87 | 78.17 | 52.64 |62.71 || 65.65 |95.48 | 56.78 | 93.61
IResNet50 | CorrRISE ey || 50.77 |50.00 | 59.55 | 91.18 | 55.07 | 92.64 || 60.07 | 88.62 | 56.30 | 76.53 | 52.06 | 60.20 || 72.68 | 96.27 | 55.69 | 94.68
FGGB e 50.77 [54.02| 57.34 | 82.54| 57.40 | 85.11|| 59.59 | 82.78 | 56.48 | 72.01 | 52.31 {59.97 || 64.78 |88.36| 57.55 | 88.91
FAME e 50.77 | 55.00 | 56.85 | 91.75 | 54.46 | 92.84 || 58.31 | 88.94 | 56.17 | 78.97 | 53.43 | 63.14 || 62.20 | 96.00| 54.84 | 95.05
Grad-CAM 50.64 [50.60 | 72.62 | 77.89 | 69.48 |80.50|| 71.27 [ 75.40| 67.64 |69.86 | 54.51 | 54.40 || 86.41 |91.94| 74.91 |85.21
Grad-CAM-EW || 50.60 | 52.91| 60.44 [90.09 | 59.12 | 90.80 || 60.57 |87.17| 59.05 | 80.56 | 52.41 [59.48 || 70.17 |96.70 | 59.26 | 94.36
IResNet101| CorrRISE ey || 50.60 |50.00 | 58.39 | 91.24 | 55.52 |93.43 || 58.59 | 86.78 | 57.35 | 80.35| 51.38 | 58.79 || 86.46 |96.81| 56.31 | 96.07
FGGB e 50.60 | 53.63| 58.09 | 83.71 | 58.17 | 86.61|| 59.59 |83.17| 58.49 |75.58 | 52.17 |57.91 || 69.10 |91.39| 58.66 |90.85
FAME e 50.60 | 54.06 | 56.12 | 92.07 | 55.13 | 93.43 || 58.10 | 88.22| 57.19 |82.02 | 52.73 | 60.15 || 65.70 | 96.71| 55.82 | 96.24

which better follow our intuition than CorrRISE,° which ar-
bitrarily highlights forehead or background regions.
Evaluation Metrics. We follow the Deletion and Inser-
tion strategy [18], which measures how verification accu-
racy changes as salient pixels are progressively removed or
inserted. For each image pair, we compute the similarity
score s via (2). Given an attribution map e, we sort pix-
els by importance and iteratively delete or insert the top-
P percent (P € {0,10,20,...,100}) on the probe image
xp, while keeping the gallery image x4 fixed to isolate the
attribution effect. After each perturbation, we recompute
similarity and evaluate verification accuracy using the orig-
inal decision threshold, yielding an accuracy-over-P curve.
We summarize performance by the normalized area under
this curve (AUC). A faithful explanation produces a steeper
accuracy drop (lower AUC) under deletion and a faster re-
covery (higher AUC) under insertion.
Quantitative Evaluation. Tab. 2 presents the quantita-
tive comparison of different XAI methods evaluated using
the Delete and Insert metrics across multiple FR protocols.
Overall, FAME consistently achieves competitive or supe-
rior scores compared with CAM-based approaches (Grad-
CAM, Grad-CAM-EW), the perturbation-based CorrRISE,
and the state-of-the-art FGGB. In most protocols, FAME
yields higher Insert values and comparable or lower Delete
values, indicating that the regions identified by FAME
are both highly informative and strongly aligned with the
model’s similarity computation.

On ARFace, FAME particularly improves under oc-
cluded conditions such as a glass and a scarf, suggesting

61t is difficult to assess which facial regions are dissimilar. However,
highlighting background that does not influence embeddings is incorrect.

better robustness in identifying the true discriminative re-
gions when facial features are partially covered. Similar im-
provements are observed on SCface, where FAME demon-
strates more stable performance across varying camera dis-
tances, reflecting stronger generalization. On CFP, FAME
achieves the highest Insert scores (up to 96.7%), confirm-
ing its effectiveness under pose variations. Compared to
CAM-based methods, which are often affected by feature-
map misalignment, cf. Sec. 4.1, FAME provides more con-
sistent activation relevance by directly modeling the rela-
tionship between input regions and the similarity.

Fig. 4 compares the Deletion and Insertion curves of dif-
ferent XAI methods on the CFP FP protocol using the IRes-
Net101 model. In Fig. 4(a), accuracy decreases as the most
salient pixels are progressively removed from the probe im-
age, while in the Fig. 4(b), accuracy increases as pixels are
gradually added back. As shown, FAME consistently out-
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Figure 4: DELETION VS. INSERTION. This figure shows
(a) Deletion and (b) Insertion evaluation curves for different XAl
methods on the CFP FP protocol using IResNet101, which has a
clean accuracy of 99.86 %.
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Figure 5: EFFECT OF GAUSSIAN SMOOTHING. This figure
shows attribution maps produced by the proposed FAME method
under different Gaussian blur parameters, where b denotes the blur
kernel size in pixels, and o the standard deviation of the Gaussian.

performs CAM-based methods, exhibiting the fastest per-
formance degradation under Deletion and the fastest ac-
curacy gain by Insertion. While CorrRISE has a slightly
steeper increase for small P in Fig. 4(b), indicating the most
important regions are highlighted better, FAME surpasses
CorrRISE at higher P, showing that it captures all relevant
pixels more reliably. This demonstrates that FAME’s at-
tribution maps identify regions that are highly relevant to
face verification. These quantitative results, together with
the qualitative analysis in Fig. 3, show that FAME produces
visually meaningful explanations and better correlates with
similarity scores across network depths and datasets.

4.4. Effect of Gaussian Blur

To visualize the effect of different Gaussian blur sizes, we
evaluate the IResNetl0l model on one ARFace sample.
As shown in Fig. 5, the qualitative structure of the attribu-
tion maps evolves smoothly with the degree of smoothing.
When the kernel size is small, as in Fig. 5(a), the maps retain
fine-grained, high-frequency responses reflecting the raw
perturbation field. Although such maps appear noisy, the
central activations are around the nose tip and mouth region.
As the blur increases to moderate values in Fig. 5(c), the ex-
planations become spatially coherent while preserving the
main evidence regions. This setting provides a good bal-
ance between visual smoothness and localization fidelity:
the highlighted areas correspond to key identity cues (nose,
mouth, and cheek contours) while suppressing noisy fluctu-
ations and irrelevant activations on the forehead or chin. In
contrast, large smoothing in Fig. 5(f) produces overly dif-
fuse maps where almost the entire face is highlighted, lead-
ing to loss of spatial contrast and interpretive precision.
Overall, the results demonstrate that Gaussian smooth-
ing acts as an effective regularizer for FAME’s perturba-
tion field, suppressing artifacts without altering the funda-
mental explanatory structure. The persistence of nose- and

mouth-centered activations across all parameter choices fur-
ther confirms that FAME captures robust and semantically
meaningful evidence for identity similarity even under oc-
clusion conditions, such as with sunglasses. For increased
comparability to CAM-based attribution maps, and consis-
tent with [12, 19], we used a blur with a kernel size of 7.7 as
shown in Fig. 5(e). This seems appropriate to the two tasks
that we perform, i.e., IC on ImageNet, and FR. However,
other tasks might require more fine-grained visualization,
for which smaller kernel sizes would be more appropriate.

5. Conclusion

In this work, we proposed our Feature Attribution Map
Explanation (FAME) technique, a unified explainability
framework that bridges gradient-based and perturbation-
based paradigms for visual interpretation of deep neural
networks. Unlike conventional CAM-based methods that
rely on a fixed spatial correspondence between feature maps
and input regions, FAME explicitly models the pixel-level
influence on intermediate activations through controlled
gradient-driven perturbations. It also removes the neces-
sity to define thresholds as required by the most related
FGGB method. Comprehensive experiments on both IC
and FR tasks demonstrate the versatility and effectiveness
of the method, which works across various network topolo-
gies, including those performing pooling and flattening of
the feature maps. On ImageNet, FAME achieves compet-
itive localization performance as measured by IoU, while
emphasizing regions that are more relevant under deletion-
based evaluation beyond the current state-of-the-art Full-
GradCAM. On multiple FR datasets, FAME consistently
outperforms Grad-CAM-EW, HiResCAM, CorrRISE and
FGGB under both qualitative and quantitative evaluations,
showing superior interpretation of occlusion, pose, and res-
olution variations, without requiring to select any thresh-
old parameters to separate similar and dissimilar attribution
maps. Furthermore, our analysis on feature maps reveals
that deeper networks capture information from increasingly
large and shifted receptive fields, confirming that naive spa-
tial upsampling in CAM-based techniques is unreliable.

Overall, FAME provides a task-adaptive, optimization-
based framework that yields stable and model-relevant
sensitivity-based explanations across IC and FR in our ex-
periments. Future work will extend FAME to transformer-
based architectures and other tasks, such as object detection,
and explore its integration into human-centered explainabil-
ity frameworks for trustworthy Al systems. Notably, FAME
is relatively slow due to the iterative gradient steps used to
compute the adversarial sample via LOTS. We used the de-
fault parameters proposed by Rozsa et al. [28]. The supple-
mental material shows that larger step sizes 7, fewer iter-
ations, and loss-specific early stopping can increase speed
with little impact on visualization quality.
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