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Abstract— Recent years have witnessed significant advance-
ment in face recognition (FR) techniques, with their applications
widely spread in people’s lives and security-sensitive areas.
There is a growing need for reliable interpretations of decisions
of such systems. Existing studies relying on various mechanisms
have investigated the usage of saliency maps as an explanation
approach, but suffer from different limitations. This paper
first explores the spatial relationship between face image and
its deep representation via gradient backpropagation. Then a
new explanation approach FGGB has been conceived, which
provides precise and insightful similarity and dissimilarity
saliency maps to explain the “Accept” and “Reject” decision of
an FR system. Extensive visual presentation and quantitative
measurement have shown that FGGB achieves comparable
results in similarity maps and superior performance in dis-
similarity maps when compared to current state-of-the-art
explainable face verification approaches.

I. INTRODUCTION

Over the past decades, the accuracy of Face Recogni-
tion (FR) systems has been boosted due to the advanced
technologies based on deep convolutional neural networks
(DCNNs) [9], [11], [25], [27] and large-scale face datasets
[3], [8], [34]. FR technology has become an increasingly
important application, widely used in our daily lives and
even security-critical applications, such as identity checks
and access control. However, the DCNN-based FR systems
often involve complicated and unintuitive decision-making
processes, making it difficult to interpret or further improve
them. To address this problem, significant efforts have been
made with the objective of enhancing the transparency and
interpretability of learning-based face recognition systems.

More recently, saliency algorithms have become a more
intuitive way of explanation for general vision models by
producing heat maps highlighting regions of the input image
responsible for the model’s output decision. These techniques
were primarily developed for explainable image classification
tasks [1], [4], [6], [21], [23], [24], [33], with a few addressing
other explanation problems in image retrieval [10], object de-
tection [22], etc. However, similar explanation algorithms for
face recognition models are still under-explored, mainly due
to the unique output formats and decision-making process.
This paper aims to develop advanced saliency explanation
algorithms for one of the most crucial problems in face
recognition, i.e., eXplainable Face Verification (XFV), which
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essentially studies how a deep FR model matches a given
facial image over another.

Unlike common image classification models that often
produce categorical outputs, a deep face verification system
takes a pair of face images as input. It first extracts deep rep-
resentation for inputs and then calculates the cosine similarity
between two face embeddings. The decision is made by com-
paring the similarity score with a predefined threshold. Some
saliency-based explanation algorithms relying on different
principles have been proposed to increase the explainability
of the face verification process. For example, Lin et al. [18]
plugged an external attention module to produce explainable
heat maps. [16], [19], [20] applied random perturbations
to the input face images and generated saliency maps by
analyzing their impact on the verification output. In [28],
the contrastive excitation backpropagation method is used to
identify the relevant salient regions on the face images.

However, current explainable face verification approaches
show some limitations. First, some methods [18], [20] only
provide explanations when the FR model makes an “Accept”
decision by presenting a similarity map while neglecting the
reason for “Reject” decisions. Secondly, many popular XFV
methods [16], [19], [20] are not efficient enough and take
much longer time than the verification process, hindering
further practical deployment. Saliency algorithms relying on
gradient backpropagation are more efficient solutions, but
they often suffer from the gradient fluctuation and vanishing
problem, leading to noisy and inaccurate saliency maps. To
address all these issues, this paper proposes a new Feature-
Guided Gradient Backpropagation (FGGB) method that pro-
vides precise and efficient explanation saliency maps for
arbitrary FR systems. The proposed FGGB method produces
both similarity and dissimilarity maps between given input
images. In practice, the former leads to the explanation for
“Accept” decisions and the latter for “Reject” decisions.
Moreover, FGGB performs gradient backpropagation at fea-
ture level instead of from final scores to explore the spatial
relationship between the input image and its corresponding
deep feature, followed by a new saliency map generation
approach that prevents the noisy gradients problem.

II. RELATED WORK

In general, most saliency-based explanation methods can
be categorized into three groups based on their mechanisms.
The first group aims to modify the internal architecture of
the deep neural network to gain explainability. For example,
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Fig. 1: Workflow of the proposed Feature-Guided Gradient Backpropagation method. The similarity and dissimilarity maps are calculated
respectively given an arbitrary input face pair.

CAM [33] modified the last layer of the network. GAIN
[17] integrated learnable modules into the training process to
produce attention maps. In XFV, xCos [18] added a learnable
attention module to the end of the verification pipeline, and
Xu et al. [29] trained a deep FR model together with a
face reconstruction network to preserve spatial information in
the face representation. However, these methods all require
retraining the entire face recognition model to learn more
explainable deep representation and are often not applicable
to systems that have already been deployed in the real world.

The second category is so-called perturbation-based meth-
ods, which determine the salient regions by observing the
effect of a perturbation on the model’s output. These methods
work independently from the internal status of the deep
neural network and offer “black-box” interpretation. The
idea has been popular among recent XFV methods [2], [16],
[19], [20]. For example, Mery [20] proposed to remove or
aggregate different parts of images and highlight the most
relevant parts for the verification process. Lu et al. [19]
applied random masks to the input images and calculated
both similarity and dissimilarity saliency maps through a
correlation module. While these methods offer accurate and
interpretable saliency maps, the perturbation-based mecha-
nism generally lacks efficiency because they are obligated to
run many iterations to guarantee a stable outcome.

Gradient backpropagation-based methods are typically
more efficient solutions. In explainable image classification
tasks, [30] calculated the derivatives of the categorical output
with respect to the input image to identify the salient pixels
on the image. In XFV, Huber et al. [14] backpropagated the
cosine similarity score between two face images to obtain
saliency maps that indicate similar and dissimilar regions.
However, the outcomes of this type of method tend to be
noisy. SmoothGrad [26] for classification task sharpened
saliency maps by initiatively adding noise and averaging all

the resulting gradient maps. Our method takes an alternative
approach to resolve this problem, by backpropagating the
gradients at feature level and re-weighting the gradient maps
according to the importance of each feature channel.

III. PROPOSED METHOD

A. Problem Statement

In principle, a face verification system makes two types
of decisions, i.e., “Accept” and “Reject”. This paper offers
interpretations from the user’s perspective and explains why
the face verification system believes the given pair of facial
images are matching (Accept) or non-matching (Reject).
More specifically, our saliency algorithm aims to provide
similarity maps for acceptance decisions and dissimilarity
maps for rejection decisions.

B. Feature-Guided Gradient Backpropagation (FGGB)

This paper proposes to leverage the gradient backprop-
agation method to calculate the saliency maps. Previous
work [14] added a cosine similarity layer and directly back-
propagated the output similarity score between two input face
images throughout the verification model to get a saliency
map, indicating which pixels contribute to the decision. How-
ever, a limitation of conventional gradient-based algorithms
is that they identify salient pixels simply by observing raw
gradient values, but the derivative of the output score may
fluctuate sharply at small scales and even disappear during
the backpropagation [26], leading to visually noisy saliency
maps. In general, a deep face verification system relies on
the direct comparison of the distance between two deep face
features, and the most discriminative feature channels often
dominate the final decision. The gradient value of the most
important feature channel can possibly vanish due to the
fluctuation, resulting in less accurate saliency explanations.



This work conceives a simple but effective propagation
scheme and saliency map generation algorithm to resolve
this issue, see Fig. 1. In specific, we perform gradient back-
propagation from the deep feature level in a channel-wise
manner rather than from the final score, and obtain multiple
gradient maps. Instead of converting them to a saliency map,
they are used to explore the spatial relationship between
the image and its deep feature, because each gradient map
propagated from an individual feature channel will spotlight
certain pixels on the face image. Finally, the gradient maps
are normalized and weight-summed by the channel-wise
cosine similarity between two deep face representations,
which guarantees high and stable saliency value for the most
discriminative feature channels.

Given probe and gallery images tIA, IBu, the FR model
extracts their deep face representations, each of dimen-
sion N , denoted by tFA, FBu. In the following, we explain
the construction of similarity and dissimilarity saliency maps
S`
A and S´

A using the FGGB method in detail. That of S`
B

and S´
B follows similarly. The proposed method consists of

two phases, (i) gradient backpropagation and (ii) saliency
map generation.

In phase (i), one first backpropagates gradient from each
channel of feature FA and construct N gradient maps GA “

tGk
A : k “ 1, . . . , Nu as

Gk
A “

BF k
A

BIA
, (1)

where BF k
A represents the derivative of the k-th dimension of

feature FA. Then, one performs normalization to each Gk
A

to mitigate the impact of local variations (e.g., vanishing
gradient during partial derivatives) and produces

G̃k
A “

|Gk
A|

}Gk
A}

, (2)

where | ¨ | denotes the absolute value and } ¨ } denotes the
Frobenius norm of a matrix.

In phase (ii), all normalized gradient maps are accumu-
lated to generate the saliency maps. First, a weight vector
is defined to be the channel-wise cosine similarity between
tFA, FBu:

weight “
FA d FB

}FA}}FB}
, (3)

where d denotes the elementwise product and } ¨ } denotes
the L2 norm.

Then, features with large cosine similarity values will
contribute to the similarity map and otherwise dissimilarity
map. More specifically, one subtracts the decision threshold
from the cosine similarity vector weight and computes the
saliency map SA as the weighted sum of the gradient maps,

SA “

N
ÿ

k“1

G̃k
A ¨

´

weightk ´
threshold

N

¯

, (4)

which is then decomposed into similarity and dissimilarity
maps

S`
A “ SArSA ě 0s, S´

A “ SArSA ă 0s. (5)
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Fig. 2: Visual comparison of similarity maps generated by FGGB
and five other XFV methods based on decisions of ArcFace model.
Every two columns represent a pair of genuine faces. The saliency
value increases from blue to red color.

IV. EXPERIMENTAL RESULTS

A. Implementation Details

The proposed FGGB method is based on backpropagation
and does not rely on any parameter or specific network
architecture. As for deep face recognition models, this paper
first conducts experiments on the popular ArcFace [7] model
with iResNet-50 [11] backbone. To show the generalization
ability of FGGB across various face recognition models,
its explainability performance has been tested on two addi-
tional FR models with different losses or architectures, i.e.,
AdaFace [15] and MobileFaceNet [5]. All the models are
pretrained on MS1Mv2 [7] dataset.

As comparison, five state-of-the-art explainable face veri-
fication methods, namely LIME [23], MinusPlus [20], xFace
[16], CorrRISE [19], and xSSAB [14], have been launched
and tested. In detail, the third-party adaptation from [20] for
LIME is utilized and the official codes of MinusPlus, xFace,
xSSAB, and CorrRISE have been adapted to compute in
batch on GPU for acceleration purposes on multiple datasets.

B. Evaluation Methodology

The evaluation of the proposed explanation algorithm
comprises two phases. Firstly, the visualization results of pro-
duced saliency maps are presented. In the second phase, the
evaluation metric “Deletion&Insertion” proposed by [19] is
employed for a quantitative comparison among state-of-the-
art saliency-based XFV methods. It iteratively deletes/adds
pixels from/to the inputs according to the saliency values
and observes the impact on the overall verification accuracy.
In general, the more precise the saliency map, the lower
the “Deletion” score and the higher the “Insertion” score.
However, gradient backpropagation-based methods produce
more sparse salient points than perturbation-based methods
and often obtain imbalanced “Deletion” and “Insertion”
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Fig. 3: Visual comparison of dissimilarity maps generated by FGGB
and other XFV methods based on decisions of ArcFace model.
Every two columns represent a pair of imposter faces. The saliency
value increases from blue to red color.

TABLE I: Quantitative evaluation of similarity maps using Deletion
and Insertion metrics (%) on LFW, CPLFW, and CALFW datasets.
Del (Ó) refers to the Deletion metric, the smaller the better. Ins (Ò)
refers to the Insertion metric, the larger the better. Red color denotes
the highest score and blue color denotes the second highest score.

Methods
LFW CPLFW CALFW

Del Ins Del Ins Del Ins

LIME [23] 35.82 80.76 27.61 71.46 34.21 78.40
MinusPlus [20] 29.64 83.28 24.63 69.27 29.06 79.57

xFace [16] 25.73 86.79 21.82 75.27 24.61 83.24
xSSAB [14] 25.98 84.49 23.00 72.20 26.09 80.25

CorrRISE [19] 24.51 86.80 20.01 77.07 24.30 83.23
FGGB 24.18 86.28 20.25 74.61 24.27 81.88

scores. Thus, we further improve the metric by applying a
fixed-size Gaussian blur kernel to the end of all explanation
methods before evaluation, guaranteeing a fair comparison.

C. Visual Demonstration

Given the same visualization tool, this section presents
visualization results of saliency maps generated by the pro-
posed FGGB method and other five XFV methods for face
images randomly selected from CPLFW [31], LFW [13],
Webface-Occ [12], and CALFW [32] datasets, representing
different verification scenarios.

Fig. 2 shows similarity maps for genuine face pairs that
the FR model “accepts”. As a result, perturbation-based
methods, such as MinusPlus, xFace, and CorrRISE, tend to
generate too centralized similarity maps. Due to the fluctu-
ating gradient issue of propagation-based methods, xSSAB
exhibits some unnatural salient regions in the first and last
examples. In comparison, FGGB provides clear contours
for decision-critical facial regions and the produced saliency
maps can always accurately highlight the most similar parts
between two matching faces.

On the other hand, Fig. 3 presents dissimilarity maps for
imposter face pairs that the FR model “rejects”. MinusPlus
and LIME are excluded because they do not provide dissimi-
larity maps. It is shown that dissimilarity regions highlighted
by perturbation-based methods, CorrRISE and xFace, are
generally spattered at different locations and are less intuitive

TABLE II: Quantitative evaluation of dissimilarity maps using
Deletion and Insertion metrics (%) on LFW, CPLFW, and CALFW
datasets. Del (Ó) refers to the Deletion metric, the smaller the better.
Ins (Ò) refers to the Insertion metric, the larger the better. Red color
denotes the highest score and blue color denotes the second highest.

Methods
LFW CPLFW CALFW

Del Ins Del Ins Del Ins

xFace [16] 75.53 92.64 53.18 87.42 64.26 90.91
xSSAB [14] 49.72 93.44 33.40 88.45 42.03 90.47

CorrRISE [19] 81.36 89.81 57.55 83.98 69.22 87.34
FGGB 44.03 93.35 28.71 88.88 34.55 90.06

TABLE III: Explainablity performance of FGGB tested on differ-
ent face recognition models. The verification accuracy (%) of FR
models and two explainability metrics (%) for FGGB are reported.

FR Models Acc (LFW) Deletion (Ó) Insertion (Ò)

ArcFace [7] 99.70 24.18 86.28
AdaFace [15] 99.27 21.41 83.87

MobileFaceNet [5] 98.87 19.32 77.73

for interpretation. On the contrary, FGGB can produce more
stable and accurate dissimilar maps for non-matching face
pairs, which is also supported by later quantitative evaluation.

D. Quantitative Results

Table I quantitatively compares similarity maps obtained
by FGGB and other XFV methods using the “Dele-
tion&Insertion” assessment metric. The proposed FGGB
method achieves superior scores in the Deletion metric on
all three datasets while getting slightly lower Insertion scores
when compared to CorrRISE and xFace. As for dissimi-
larity maps, Table II shows that FGGB provides the most
accurate dissimilarity maps on multiple datasets and both
metrics, which is consistent with the observations in the
visual demonstration. Moreover, it is notable that FGGB
outperforms another propagation-based method xSSAB in
most scenarios, which proves the advancement of FGGB in
addressing the noisy-gradient issue during backpropagation.

In addition, FGGB is further tested on two other face
recognition models with different architecture and loss func-
tions. Table III shows that when the FR model achieves sim-
ilar verification performance, the saliency maps produced by
FGGB also have similar explainability performance, which
validates that FGGB is model-agnostic.

V. CONCLUSION

This paper contributes to the problem of explainable face
verification by conceiving a new efficient and model-agnostic
saliency explanation solution FGGB. It provides similarity
and dissimilarity saliency maps to interpret both the “Ac-
cept” and “Reject” decisions made by the face verification
system. Experiments show that FGGB exhibits excellent
performance, particularly in dissimilarity maps, when com-
pared to the current state-of-the-art. Moreover, this paper
explores a new approach to mitigate the impact of fluctuating
gradients during backpropagation, which provides insights
for improving future gradient propagation-based explanation
methods for general learning-based vision systems.
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