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 A B S T R A C T

Visualization methods have been used to reveal areas of images which influence the decision making of 
machine learning models, thereby helping to understand and diagnose the learned models and suggest ways 
to improve their performance. This concept is termed Explainable Artificial Intelligence. In this work, we 
focus on visualization methods for metric-learning based neural networks. We propose a gradient-weighted 
extended Excitation Back-Propagation (gweEBP) method that integrates the gradient information during its 
backpropagation for the accurate investigation of embedding networks. We perform an extensive evaluation 
of our gweEBP, and seven other visualization methods, on two neural networks, trained for heterogeneous 
face recognition. The evaluation is performed over two publicly available cross-modality datasets using two 
evaluation methods termed the ‘‘hiding game’’ and the ‘‘inpainting game’’. Our experiments showed that 
the proposed method outperforms the competing methods in both games in most cases. Additionally, our 
comprehensive study also provides a benchmark for comparing visualization techniques, which may help other 
researchers develop new techniques and perform comparative studies on them.
1. Introduction

Recently, deep neural networks (DNN) have produced significant 
performance improvements in the cross-modality domain [1–4]. Since 
they are usually regarded as black-boxes when deployed, it is difficult 
to understand how and why the networks make certain decisions, 
giving rise to questions such as: Can we trust the model? Does it 
focus on the foreground features or simply use irrelevant background 
information for matching decisions? Visualization techniques can help 
to identify significant areas of the input image which contribute to the 
decision. In various literature, they are also called attribution methods, 
a branch of Explainable AI.

Visualization methods in deep learning were originally proposed for 
visualizing DNNs for classification of which the output is the predicted 
scores as per classes. They usually produce a saliency map that high-
lights the attention of the neural network to local regions of the input 
image that are important for predicting a certain class label. There 
are in general two types of visualization methods in deep learning: 
white-box methods and black-box (model-agnostic) ones. The white-
box methods have access to the parameters of and feature maps from 
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the internal layers of the network, whilst the black-box methods, with-
out knowledge about the network’s internal structure and parameters, 
can only access the output of the network.

White-box methods involve back-propagation of the output of deep 
classifiers or its derivatives with respect to feature maps in a top-
down fashion through layers [5–7]. Bach et al. [5] proposed pixel-wise 
decomposition of the prediction of classifiers into relevance scores and 
propagate them through layers in order to visualize contributions of 
image pixels to the prediction. Class Attention Mapping (CAM) based 
methods  [8–11] rely on gradient back-propagation of the classification 
score w.r.t. the feature map from the final convolution layer of the 
classifier. RISE [12] is a black-box method which randomly masks the 
input image and generates corresponding classification scores for the 
class of interest. A saliency map is obtained by summing these masks 
weighted by the scores. In [13], Concept Relevance Propagation shows 
not only where the salient pixels are but what concepts they are related 
to.

The above methods cannot be directly applied to metric-learning 
based networks trained for face verification, as these networks learn to 
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map the input data into a latent space and output an embedding vector 
instead of per-class scores. The similarity between two samples can thus 
be measured by their distance in the latent space. We call such networks 
‘‘embedding networks’’. Later works for explaining the decisions of 
embedding networks  [14–16] make use of triplets, which consists 
of a probe, a mate (a ground-truth match to the probe) and a non-
mate image (a mismatch to the probe). Given a triplet, a visualization 
technique highlights the regions of the probe with high excitation, 
indicating that features extracted from the regions are more similar to 
the mate than the non-mate. This explains why the embedding network 
favours the mate as a match over the non-mate in terms of similarities. 
Zhang et al. [17] proposed a back-propagation based approach called 
Excitation Back-Propagation (EBP) and its variant cEBP, which incor-
porates a probabilistic Winner-Take-All (WTA) process. Later Castanon 
et al. [18] proposed tcEBP to highlight regions that are both significant 
and unique to a particular subject compared with other identities. 
Williford et al. [19] proposed two methods Subtree EBP and DISE. They 
also defined an evaluation protocol called the ‘‘inpainting game’’ for 
comparing EBP based methods. Zhong et al. [20] investigated features 
computed by neurons using deep visualization techniques by exploring 
characters of features like diversity, invariance and discrimination and 
they found that high-level features resemble complex face attributes. 
In [14], the Grad-CAM method is adapted for embedding networks 
by replacing the classification score with the triplet loss and uses 
the gradients of the loss to calculate weights of feature maps to ex-
plain the network’s decisions. Stylianou et al. [15] adopted pairwise 
similarities between feature maps from the last convolutional layer 
to understand the similarity metric learnt by embedding networks. 
Based on their work, Zhu et al. [16] produced the point-specific ac-
tivation map for fine-grained visual explanation of metric learning. 
More recently, Knoche et al. [21] introduced confidence scores and X-
Maps for explainable face recognition systems where the input facial 
image pair is systematically occluded and a similarity map is derived 
from cosine similarity between the embedding vectors of the occluded 
pair. Lu et al. [22] adapted RISE for explanation of face verification 
where similarity maps are derived from Pearson correlation between 
cosine similarity scores and random masks. However, these black-box 
methods are computationally costly, because a large amount of masks 
are required for computing similarity maps. A summary of the existing 
visualization approaches for embedding networks is provided in Table 
1 in the supplementary material.

Although there has been extensive research on explainable machine 
learning, evaluation of visualization methods remains challenging [23]. 
In [14,15,17] the evaluation of the proposed visualization methods is 
subjective, which is based on their capability of object localization. 
However, localization is just an alternative to human explanation and 
may not precisely portray the model’s decision. Zhang et al. [17] 
proposed a pointing game evaluation where a hit is counted when the 
maximum attention lies inside the human-annotated bounding box of 
the object in the image, whilst others [14,24] used the mean fraction 
of the attention inside the bounding box or segmentation mask as the 
evaluation metric.

In contrast, Petsiuk et al. [25] proposed two objective evaluation 
metrics which are not only free from human bias but also save time 
and resources: deletion and insertion metrics. The intuition behind the 
‘‘deletion metric’’ is that removing significant pixels highlighted by the 
correctly visualized network attention should decrease the probability 
of the predicted class with a lower Area under the ROC Curve (AUC). 
On the other hand, inserting significant pixels should increase the 
probability resulting in higher AUC. Alternatively, Zhu et al. [16] used 
cosine similarity and showed empirically that it works well for visual 
explanation.

Our interest in this study is to adapt and evaluate visualization 
techniques for embedding networks for cross-modality face matching. 
Here we use the specific example of matching facial composites to real 
photographs. A facial composite is a pictorial likeness to a suspect’s face 
137 
based on an eyewitness’ description [26,27]. Since human faces bear 
similar structures and all face images in our study have been aligned, 
the location based evaluation is not relevant to our study. Hence, we 
intend to evaluate the visualization techniques over two performance 
metrics: the ‘‘hiding game’’ [18] and the ‘‘inpainting game’’ [19]. The 
main contributions of this study can be summarized as:

1. Proposing gradient-weighted extended EBP (gweEBP) for em-
bedding networks which takes into account negative neuron 
responses and integrates gradient information.

2. Evaluating visualization methods via two evaluation metrics 
for VGG16 [28] and LCNN9 [29] networks trained for cross-
modality face recognition.

3. The observation that the inpainting game is a more reliable 
metric than the hiding game.

The rest of this paper is organized as follows: Section 2 details our 
proposed gradient-weighted extended EBP based method for embed-
ding networks; Section 3 describes the performance metrics we use in 
this study; Section 4 presents intensive evaluations of several visual-
ization techniques using two publicly available datasets and finally we 
draw conclusions and indicate future work in Section 5.

2. Gradient-weighted extended EBP

In this section, we firstly review the original EBP algorithm and then 
detail our method which is motivated by the incapability of the original 
EBP to handle negative activation properly in the neural network and 
the importance of gradient information for highlighting salient features 
contributing to the network’s decisions.

2.1. Preliminaries

EBP relies on a probabilistic Winner-Take-All process to highlight 
the response of neurons at each CNN layer which contribute most to the 
network’s prediction. It back-propagates marginal winning probabilities 
(MWP) of neurons through all layers in a top-down fashion based 
on which saliency maps are generated. EBP works with two assump-
tions [17]: (1) The response of activated neurons must be non-negative, 
and (2) The response of activated neurons is positively correlated to the 
prediction. Let 𝐿𝑛−1 and 𝐿𝑛 be the top and bottom layers respectively. 
Given a neuron 𝑎𝑖 at the top layer and its probability 𝑃 (𝑎𝑖), our aim is 
to calculate 𝑃 (𝑎𝑗 ) where 𝑎𝑗 is a child neuron of 𝑎𝑖 at the bottom layer. 
The weight of their connection is denoted as 𝑤𝑗𝑖. For 𝑎𝑖 and 𝑎𝑗 being 
positive, the excitation is passed down through excitatory connections 
via the conditional winning probability as 
𝑃 (𝑎𝑗 |𝑎𝑖) = 𝟏𝑤𝑗𝑖≥0𝑍𝑖𝑎̂𝑗𝑤𝑗𝑖 (1)

𝑍𝑖 = 1∕
∑

𝑗∶𝑤𝑗𝑖≥0 𝑎̂𝑗𝑤𝑗𝑖 is the normalization factor so that
∑

𝑎𝑗∈𝑖 𝑃 (𝑎𝑗 |𝑎𝑖) = 1 where 𝑎̂𝑗 is the response of 𝑎𝑗 and 𝑖 is the child 
neuron set of 𝑎𝑖. 𝟏∗ is the indicator function. Considering the parent 
neuron set 𝑗 of 𝑎𝑗 , we obtain the MWP of 𝑎𝑗 as 

𝑃 (𝑎𝑗 ) =
∑

𝑎𝑖∈𝑗

𝑃 (𝑎𝑗 |𝑎𝑖)𝑃 (𝑎𝑖) (2)

We convert the embedding network to a binary classifier for EBP 
to work on it. Given a triplet that contains a sketch sample as the 
probe, a photo of the same identity as the mate, and a photo of a 
different identity as the non-mate, we add a fully connected (FC) layer 
𝑓𝑐2 on top of the last FC layer 𝑓𝑐1 of the network of which the weight 
matrix is set by stacking the mate and non-mate embedding. Taking 
the probe as input, 𝑓𝑐2 will output class scores which are indeed 
the probe-mate and probe-non-mate cosine similarities. The aforemen-
tioned assumptions restrict EBP to be only applied to CNNs with 
non-negative neuron responses. For brevity, we term neurons giving 
positive/negative responses as pos/neg-neurons. A naive workaround 
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is to ignore neg-neurons and negative weights, or subtract the lower 
bound of the activation function [17], but doing so will exclude impor-
tant negative features. Instead, we extend EBP to consider neg-neurons, 
so that the EBP assumptions can be ignored.

2.2. Extended EBP

Let 𝛩+
𝑛−1 be the pos-neuron set and 𝛩−

𝑛−1 the neg-neuron set at the 
top layer. 𝛩+

𝑛  and 𝛩−
𝑛  are defined similarly for the bottom layer. If 𝑎𝑖 is 

negative, there are two cases where the connection is excitatory: either 
𝑎𝑗 is negative and 𝑤𝑗𝑖 positive or 𝑎𝑗 is positive and 𝑤𝑗𝑖 negative, since 
in these cases 𝑎𝑗 contributes to the negative excitation of 𝑎𝑖. Likewise, if 
𝑎𝑖 is positive, either a positive 𝑎𝑗 and a positive weight or a negative 𝑎𝑗
and a negative weight will make the connection excitatory. Therefore, 
the top-down signal from 𝑎𝑗 to 𝑎𝑖 is composed of two separate streams: 
one from pos-neurons 𝛩+

𝑛−1 and the other from neg-neurons 𝛩−
𝑛−1, 

leading to two components of MWP for 𝑎𝑗 as 
𝑃+(𝑎𝑗 ) =

∑

𝑎𝑖∈𝑗∩𝛩+
𝑛−1

𝑃 (𝑎𝑗 |𝑎𝑖)𝑃 (𝑎𝑖)

=𝟏𝑎̂𝑗≥0
∑

𝑎𝑖∈𝑗∩𝛩+
𝑛−1

𝑍+
𝑖 𝑤

+
𝑗𝑖𝑎̂𝑗𝑃 (𝑎𝑖)+

𝟏𝑎̂𝑗<0
∑

𝑎𝑖∈𝑗∩𝛩+
𝑛−1

𝑍+
𝑖 𝑤

−
𝑗𝑖𝑎̂𝑗𝑃 (𝑎𝑖)

(3)

𝑃−(𝑎𝑗 ) =
∑

𝑎𝑖∈𝑗∩𝛩−
𝑛−1

𝑃 (𝑎𝑗 |𝑎𝑖)𝑃 (𝑎𝑖)

=𝟏𝑎̂𝑗≥0
∑

𝑎𝑖∈𝑗∩𝛩−
𝑛−1

𝑍−
𝑖 𝑤

−
𝑗𝑖𝑎̂𝑗𝑃 (𝑎𝑖)+

𝟏𝑎̂𝑗<0
∑

𝑎𝑖∈𝑗∩𝛩−
𝑛−1

𝑍−
𝑖 𝑤

+
𝑗𝑖𝑎̂𝑗𝑃 (𝑎𝑖)

(4)

where 𝑍+
𝑖 = 1∕(

∑

𝑎𝑗∈𝑖∩𝛩+
𝑛
𝑤+

𝑗𝑖𝑎̂𝑗 +
∑

𝑎𝑗∈𝑖∩𝛩−
𝑛
𝑤−

𝑗𝑖𝑎̂𝑗 ), 𝑤+
𝑗𝑖 = max{0, 𝑤𝑗𝑖}, 

𝑤−
𝑗𝑖 = min{0, 𝑤𝑗𝑖} and 𝑍−

𝑖 = 1∕(
∑

𝑎𝑗∈𝑖∩𝛩+
𝑛
𝑤−

𝑗𝑖𝑎𝑗 +
∑

𝑎𝑗∈𝑖∩𝛩−
𝑛
𝑤+

𝑗𝑖𝑎𝑗 ). The 
sum of Eq. (3) and (4) gives the final MWP 𝑃 (𝑎𝑗 ).

2.3. Gradient weighting

We introduce another essential improvement which integrates gra-
dients of triplet gains into the back-propagation of the MWP. We firstly 
define the triplet gain as: 
𝐺𝑡𝑟𝑖(𝑎, 𝑝, 𝑛) ∶= 𝑚𝑎𝑥(0, ‖𝑎 − 𝑛‖ − ‖𝑎 − 𝑝‖) (5)

where 𝑎, 𝑝 and 𝑛 represent the embedding of the anchor (probe), mate 
and non-mate image respectively. We then compute its gradient w.r.t. 
neuron responses for every layer. The neuron responses are weighted 
using their corresponding gradients before computing MWP as follows: 

𝑎̃𝑗 = 𝟏𝑎̂𝑗≥0𝑎̂𝑗
[

𝜕𝐺𝑡𝑟𝑖
𝜕𝑎𝑗

]+
+ 𝟏𝑎̂𝑗<0𝑎̂𝑗

[

−
𝜕𝐺𝑡𝑟𝑖
𝜕𝑎𝑗

]+
(6)

𝜕𝐺𝑡𝑟𝑖
𝜕𝑎𝑗

 is the triplet gain gradient and [∗]+ = max{0, ∗}. Finally, we 
replace the neuron 𝑎̂𝑗 with the gradient weighted neuron 𝑎̃𝑗 in Eq. (3) 
and  (4) to compute MWP. The motivation behind Eq. (6) is to promote 
neurons giving a large magnitude of responses as well as incurring a 
large magnitude of gradients. Furthermore, Eq. (6) respects the fact 
that negative neurons contribute to the triplet gain if their gradients 
are negative. Accordingly, their responses should be scaled by the 
magnitude of their gradients.

Gradient weighting offers several benefits. It complements the EBP 
method by boosting the significance of neg/pos-neurons which have 
negative/positive gradients of a large magnitude and thus contribute 
to the triplet gain. Conversely, those neurons of which the gradient has 
a different sign from their responses are suppressed in the computa-
tion of MWP, which may remove false salience in the saliency map. 
Moreover, the gradients contain contrastive information regarding both 
138 
the mate and non-mate, so that the method possesses similar strength 
as contrastive EBP. Moreover, the EBP method combines gradient 
information at various depths of the neural networks, thus reinforcing 
the salience of image regions that consistently receive strong gradients 
at various levels. We revise Eq. (3) and (4) similar to [17] and show 
that our method can be implemented as matrix operations which can 
take advantage of parallel computing. The matrix formulation can be 
found in the supplementary material. We summarize the main steps of 
gweEBP for a CNN layer as Alg. 1 there.

3. Evaluation metrics

3.1. Hiding game

The hiding game is conducted on a set of test triplets for which all 
the probes are correctly matched to their respective mate. We gradually 
mask out the image content of the probe with some predefined values, 
starting from the least to the most significant pixels according to the 
saliency map obtained from the evaluated visualization method. We 
then observe the true positive matching rate (TPR) throughout this 
hiding procedure. It is expected that the TPR should remain high until 
all the truly significant pixels are hidden. There are various choices 
for the values to fill in the masked regions of the probe, which can 
be either zeros, ones, random values or the mean of the image [18]. 
However, none of these meet our requirements, because they will not 
necessarily make the probe look more similar to the non-mate. Even 
after all pixels have been hidden, the TPR may not drop to zero. A 
more sensible choice is to fill the masked region with the value of 
corresponding pixels from the non-mate. If the region is important for 
matching the probe to its mate, doing so will effectively push the probe 
towards its non-mate in the latent space and eventually force it being 
classified as non-mate after hiding a sufficient amount of pixels. The 
earlier the modified probe is matched to the non-mate, the less accurate 
the visualization method should be.

3.2. Inpainting game

The inpainting game is designed to evaluate visualization tech-
niques quantitatively by synthesizing a non-mate doppelganger from 
the mate image via inpainting where a specific face part is changed 
resulting in an identity different from the probe according to the 
network’s prediction. Since the inpainted face part of the non-mate 
image is the only cause for the identity change, it can be used as the 
ground truth saliency map for evaluation.

Similarly, a new probe image is also synthesized from the original 
probe by inpainting the same face part so that its identity matches 
the inpainted non-mate. Hence, a quadruplet of images is formed 
containing: the original probe (sketch) image (OP), the original mate 
(photo) image (OM), the inpainted probe (sketch) image (IP) and the 
inpainted non-mate (photo) image (IN). They must fulfil the following 
criteria: (1) The identity of the OP should be similar to that of the OM, 
subject to a face verification threshold 𝜏. (2) The identity of the IP 
should be similar to that of the IN according to 𝜏.

Given a set of quadruplets, the saliency map of each OP produced 
by a visualization technique, and a face verification threshold 𝜏, we run 
the inpainting game as follows: For each quadruplet, we (1) convert the 
saliency map into a saliency mask according to a saliency threshold; 
(2) mask the pixels of the OP using the saliency mask and replace 
them with that of the IP, giving a blended probe; (3) verify if the 
blended probe is matched to the IN by the network according to 𝜏. 
We then calculate the non-mate classification successful rate (SR) as 
the proportion of blended probes matched to their respective IN in 
all quadruplets. We identify the masked pixels not belonging to the 
inpainted facial region as false positives (FPs) and calculate the false 
alarm rate (FAR) as the proportion of FPs in the total amount of pixels 
outside the inpainted region. Finally, we repeat this procedure for a 
range of saliency thresholds to obtain a ROC-like performance indicator 
by plotting SR against FAR. A good visualization method should have 
high SR at low FAR.
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4. Experimental results

We compare our method gweEBP with Grad-CAM, EBP, cEBP, 
tcEBP, Pairwise Similarity Map (PairwiseSIM) [15], XFace [21] and 
CorrRISE [22] using the two aforementioned metrics. Grad-CAM is a 
popular visualization technique for analysing embedding networks by 
back-propogating gradients of class scores or losses. Similar to gweEBP, 
it requires access to the internal neuron responses (i.e., feature maps) 
and gradients. PairwiseSIM is readily applicable to embedding net-
works which requires access to feature maps from the last convolutional 
layer (usually after pooling). XFace and CorrRISE are the most recent 
visualization methods for explaining face verification results. To obtain 
general results, we performed deep learning tasks on two publicly 
available cross-modality face datasets namely the University of Malta 
Software Generated Face-Sketch (UoM-SGFS) dataset [30] and the 
Chinese University of Hong Kong (CUHK) face sketch dataset [31]. For 
each dataset, we fine-tune two pretrained CNNs: VGG16 and LCNN9. 
In VGG16, the ReLU activation function is used, prohibiting negative 
responses from all convolutional layers, whilst LCNN9 allows negative 
responses. Thus, VGG16 satisfies the EBP assumptions whilst LCNN9 
does not.

4.1. Datasets

4.1.1. UoM-SGFS dataset
The UoM-SGFS database contains 1200 software generated face 

sketches of 600 subjects selected from the Color FERET database [32]. 
There are two sets: Set A contains sketches created using the EFIT-
V software [26] and Set B an improved version of Set A with more 
realistic skin effects. For experiments, we use Set A containing 598 
identities after face alignment via the DLIB face aligner [33].

4.1.2. CUHK dataset
The CUHK sketch dataset contains hand-drawn face sketches and 

photos of 606 identities. For each identity, there is one sketch drawn 
by an artist based on a photo featuring a frontal face with a neutral 
expression under normal lighting conditions. For evaluation, we use 
image data of 188 identities from the CUHK dataset.

4.2. Training and implementation details

4.2.1. Embedding networks
For VGG16, we removed its original FC layers and add a new 

one producing embeddings of 1024 dimensions. For LCNN9, we retain 
its first FC layer to output embeddings of 256 dimensions. For both 
datasets, we used 75% for training (20% of which for validation) 
and the remaining 25% for testing. Both networks were trained using 
triplet losses upon triplets obtained from mini-batches of 32 samples 
(16 identities, one sketch and one photo per identity). For testing, 
we constructed galleries containing 1871 and 2053 subjects for UoM-
SGFS and CUHK respectively. We achieved 50.43% and 98.90% rank-1 
accuracies on UoM-SGFS and CUHK respectively with VGG16 and 
57.26% and 98.35% on UoM-SGFS and CUHK respectively with LCNN9.

4.2.2. Grad-CAM
Our implementation is based on [14] which originally propagates 

the triplet loss gradient [34] back to the last convolutional layer of 
the network. A saliency map is then generated based on a weighted 
sum of the feature map channels. However, using the gradient of the 
triplet loss is problematic. In Grad-CAM, only positive gradients are 
concerned. Accordingly, the grad-weights should correlate positively 
to an objective function such as the class-score [8], which renders 
the triplet loss inadequate. Besides, a well-trained embedding network 
often gives zero triplet losses resulting in zero gradients and empty 
saliency maps. Therefore, we propose to use the gradients of triplet 
gains (Eq. (5)) to compute grad-weights. Similar to [8], we kept the 
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top 50 largest grad-weights and multiply them with their corresponding 
channels of the feature maps from the last convolutional layer. The 
saliency map has a size of 16 × 16 pixels for LCNN9 and 14 × 14 pixels 
for VGG16.

4.2.3. Pairwise similarity map
The similarity maps were computed based on the feature map from 

the last convolutional layer which has the same size as the saliency 
maps computed using Grad-CAM.

4.2.4. EBP based methods
Our implementation of all the EBP based methods is based on [19]. 

We generated saliency maps based on feature maps extracted at deep 
layers of the networks. This is because visualization of image features 
at semantic level makes more sense for attribution purposes than lower-
level features and the image features extracted at deep layers tend to 
be semantic. However, back-propagating MWP to shallow layers may 
improve the precision of localizing contributing image features. There-
fore, we decided to back-propagate the MWP up to an intermediate 
layer of the embedding network (i.e., the sixth/eleventh convolutional 
layer of LCNN9/VGG16), where the extracted features are still semantic 
and the computed saliency map has the same size as those produced 
using Grad-CAM and PairwiseSIM (i.e., 16 × 16 pixels for LCNN9 and 
14 × 14 pixels for VGG16). For tcEBP, the truncation rate is set to 20%.

4.2.5. XFace and CorrRISE
We adopt the official implementation of XFace to compute saliency 

maps. To use it in contrastive settings, we subtract the saliency map 
of the probe compared with the non-mate from that of the probe com-
pared with the mate. The resultant contrastive saliency map highlights 
the region of the probe image due to which the embedding network 
predicts the probe’s identity as the mate’s rather than the non-mate’s. 
For CorrRISE, we implemented it based on the official implementation 
of RISE and generated contrastive saliency maps similarly as XFace.

4.3. Hiding game evaluation

4.3.1. UoM-SGFS
Our UoM-SGFS test data for the hiding game contains 59 and 67 Set-

A sketches for VGG16 and LCNN9 respectively, satisfying the condition 
that their rank-1 match from the gallery is their corresponding ground 
truth photo. We use their rank-1 match as mates and the rank-2 match 
from the gallery as non-mates. Without hiding any pixels, we have 
100% TPR initially. Fig.  1 shows the hiding game results of eight visual-
ization techniques for both VGG16 and LCNN9. For both networks, the 
top-3 best methods are gweEBP, xFace and CorrRISE, whilst gweEBP 
performs slightly better than the other two for VGG16 and xFace and 
CorrRISE are better than gweEBP for LCNN9. A visual comparison of 
the saliency maps from the competing techniques is presented in the 
supplementary material. We will discuss about the limitation of hiding 
games in Section 4.6.

4.3.2. CUHK
We prepared CUHK test data containing 28 triplets for both VGG16 

and LCNN9. The hiding game results from all the compared visualiza-
tion techniques for both VGG16 & LCNN9 are shown in Fig.  2. We 
also include the saliency maps for a few triplets in the supplementary 
material. The gweEBP method is superior over the others (Fig.  2(a)). 
The second best method for VGG16 and LCNN9 is CorrRISE and EBP, 
respectively. (Fig.  2(b)).
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Fig. 1. Hiding game results on UoM-SGFS. (a) VGG16. (b) LCNN9.
Fig. 2. Hiding game results on CUHK. (a) VGG16. (b) LCNN9.
4.4. Inpainting game evaluation

4.4.1. UoM-SGFS
We generated the inpainted UoM-SGFS dataset for the inpainting 

game with sketch and photo pairs of 598 identities after face align-
ment [33]. We defined six facial regions for inpainting: hair, eyebrows, 
eyes, nose, mouth, and face skin. A pre-trained CelebAMask-HQ [35] 
face parser2 was deployed to identify these facial regions of the image 
samples which were then saved as facial part masks. Following the 
same way of preparing inpainted data as [19], we used the pluralistic 
inpainting network [36] to synthesize various facial parts of both 
sketches and photos, which produced six quadruplets (OP, OM, IP, IN 
for six facial regions) per identity. Examples are provided in Fig.  1 in 
the supplementary material. Qualified quadruplets were then selected 
using the following criteria based on the L2 distance between their 
embeddings: 

‖𝑂𝑃 − 𝑂𝑀‖ ≤ 𝜏 and ‖𝑂𝑃 − 𝐼𝑁‖ > 𝜏 (7)

‖𝐼𝑃 − 𝐼𝑁‖ ≤ 𝜏 and ‖𝐼𝑃 − 𝑂𝑀‖ > 𝜏 (8)

where 𝜏 is the face verification threshold. It is set to 0.14@𝐹𝑃𝑅 = 0.039
and 0.245@𝐹𝑃𝑅 = 0.0465 according to the ROC curve of VGG16 and 
LCNN9 respectively. These requirements ensure that the synthesized 
face parts by the inpainting network have changed the identity of the 
original sketch and photo pair, whilst the identity of the inpainted 
sketch still matches that of its paired inpainted photo. Consequently, 
there are 308 qualified quadruplets for VGG16 and 273 quadruplets 
for LCNN9 respectively. We present the ROC curves from the inpainting 
game in Fig.  3 showing that the gweEBP method outperforms the other 
methods by a big margin regardless of networks and datasets.

2 https://github.com/zllrunning/face-parsing.PyTorch
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4.4.2. CUHK
Similar to UoM-SGFS, there are six regions accounting for various 

face parts subject to inpainting. However, unlike UoM-SGFS, we face 
two difficulties in creating the inpainted images: (1) As the hand-
drawn sketches are only line drawings and lack rich texture, the face 
segmentation network does not work properly on them; (2) The face in-
painting network does not work properly on them for the same reason. 
To circumvent these problems, we trained a CycleGAN model [37] on 
the CUHK dataset and used it to convert all sketches to photo-realistic 
face images. We then parsed the synthesized mages to obtain masks 
of face parts for each sketch. To inpaint a sketch, we firstly inpainted 
various face parts of its mate photo and converted the inpainted photos 
into fake sketches using CycleGAN. We then replaced various face 
parts of the sketch with their counterparts cut from the fake sketches, 
resulting in a set of natural-looking inpainted sketches. We show some 
examples synthesized using CycleGAN in Fig.  2 in the supplementary 
material. For VGG16, we generated 58 quadruplets that satisfy Eq. (7) 
and (8), where 𝜏 is set to 0.06@𝐹𝑃𝑅 = 0 estimated from the Re-
ceiver Operating Characteristic (ROC) curve of VGG16. For LCNN9, 
67 qualified quadruplets were generated. 𝜏 is set to 0.645@𝐹𝑃𝑅 =
0.0434 estimated from the ROC of LCNN9. As shown in Fig.  4, gweEBP 
performs the best on both the networks. In the supplementary material, 
we include visualization of saliency maps obtained from the compared 
methods on a set of typical test examples from both datasets for the 
respective networks in Figure 7-10. We observed that the gweEBP is 
often more accurate than the other competitors regardless of datasets 
and networks.

4.5. Ablation study

We show the capability of the extended EBP methods (without 
gradient-weighting) for capturing important negative responses by 
comparing them with original EBP methods via inpainting game eval-
uation. We implemented the extended versions of EBP, cEBP and 
tcEBP denoted as eEBP, ecEBP and etcEBP, respectively. In order for 
original EBP methods to work on LCNN9, we simply ignore all nega-
tive responses when back-propagating MWP. As shown in Fig.  5 and

https://github.com/zllrunning/face-parsing.PyTorch
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Fig. 3. Inpainting game evaluation on UoM-SGFS: ROC curves. (a) VGG16. (b) LCNN9.
Fig. 4. Inpainting game evaluation on CUHK: ROC curves. (a) VGG16. (b) LCNN9.
Fig. 5. Comparing the extended EBP and original methods using the inpainting game and UoM-SGFS: ROC curves. (a) VGG16. (b) LCNN9.
Fig. 6. Comparing the extended EBP and original methods using the inpainting game and CUHK: ROC curves. (a) VGG16. (b) LCNN9.
Fig.  6, the ecEBP and etcEBP outperform their respective counterparts 
cEBP and tcEBP for LCNN9 on both datasets. However, no noticeable 
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improvements are observed for VGG16. This is because the ReLU 
activations have suppressed negative responses throughout VGG16. 
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In contrast, the Max-Feature-Map (MFM) activation in LCNN9 allows 
negative responses to propagate through all layers. Hence the contri-
bution of negative responses to the classification scores is significant. 
Therefore, the extended EBP methods can identify significant negative 
features contributing to the network’s decision.

4.6. Discussions

As revealed in both games, gweEBP is the best performing method. 
It integrates gradients at multiple layers, a major factor we believe for 
it to surpass Grad-CAM. Moreover, Grad-CAM performs global average 
pooling of the gradients across the dimensions of the feature maps to 
compute grad-weights, therefore losing the strength for differentiating 
features with respect to their individual contributions to the network’s 
decision. EBP and PairwiseSIM perform poorly in general, since they 
do not take into account the dissimilarities between the probe and the 
non-mate.

The hiding game is easier to implement than the inpainting game, 
since the former does not require preparation of image quadruplets 
using inpainting techniques. However, it does not provide verifiable 
evaluation due to lack of ground truth saliency maps. For instance, 
according to the hiding game, EBP outperforms Grad-CAM and cEBP 
as shown in Fig.  2(b). As EBP is not contrastive, its estimated saliency 
invariably lies in the whole face region of the probe images (see Figure 
8 in the supplementary material). Consequently, we found no clues 
from the saliency maps produced by EBP for explaining why LCNN9 
favours the mate over the non-mate. Hence, a method highly ranked by 
the hiding game may not necessarily be a good one. Moreover, filling 
the hidden pixels of the probe (a sketch) with pixel values from the 
non-mate (a photo) leads to images of mixed modality falling outside 
the distribution of eligible inputs for the HFR models, which could 
introduce unexpected disturbance to the decision of the models. In 
contrast, the inpainting game evaluates attribution methods based on 
ground truth saliency maps. A top-ranked method is truly the best 
one, since it produces the most consistent saliency map as the ground 
truth. In addition, the blended probe still conforms to the distribution 
of eligible inputs (since both the IP and OP are sketches) for the HFR 
models. Therefore, we regard the inpainting game as a better evaluation 
protocol than the hiding game in the context of HFR.

5. Conclusions and future work

In this paper, we proposed a gradient weighted EBP-based method 
for accurately visualizing embedding networks and extended its ap-
plicability to CNNs with negative responses. We compared it with 
other techniques via two evaluation methods: the hiding game and 
the inpainting game. Our evaluation is based on two networks VGG16 
and LCNN9 trained on heterogeneous face recognition and two pop-
ular cross-modality datasets UoM-SGFS and CUHK. Results show that 
our method in general performs the best regardless of the networks 
and datasets. In the future, we will explore the possibility of apply-
ing our method to other network architectures including recurrent or 
self-attention mechanisms.
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