






concept j. Therefore, given a concept j, we give a higher
weight to the interpretation method that has higher number
of explanation heatmaps whose coverage w.r.t. concept j
exceeds the threshold τiou. This is done following Eq. 4.

WAIoUZ
j =

|IoUZ
j | ∗ 1

|IoUZ
j |Σp=0IoU

z
j [p]

ΣZ
z=0|IoUz

j |
(4)

In this equation, p refers to each element in the IoUZ list.
|•| is the cardinality of a set. The right term of the numerator
indicates the average IoU. The left factor in the numerator,
indicates the weight applied to method z w.r.t the concept
j. The denominator of the fraction shows the summation
of the weight of the methods for the concept j. As evident,
Eq. 4 can be simplified as follows.

WAIoUZ
j =

Σp=0IoU
z
j [p]

ΣZ
z=0|IoUz

j |
(5)

Following this process, each heatmap Hi has a IoU value
(coverage accuracy) per concept j. Then, according to
Eq. 6, the concept label j on which the heatmap Hi has
the highest IoU value is selected as its semantic label.

L(Hi) = arg max
j∈[1...C]

IoU(Bi,M i,j) (6)

3.3. Intensity Thresholding

This section describes the thresholding procedure fol-
lowed to binarize the explanation heatmaps. In order to es-
timate optimal thresholds (τbinary) values, we analyze dif-
ferent values based on the Cumulative Distribution Func-
tion (CDF) computed from heatmaps. Towards this goal,
first, histograms are calculated from the intensity values of
a given heatmap. Second, inspired by [27], a CDF is esti-
mated from the histograms and linear interpolation is ap-
plied on the CDF. The output is an intensity distribution
function that shows the intensity value for different propor-
tion of points on the estimated function. To analyze dif-
ferent intensities as threshold values, we select 10 different
proportions of the points from 0.01% up to 0.1% under the
CDF curve and use their corresponding intensity values as
thresholds to binarize the heatmaps.

We investigate two different scenarios to estimate these
CDFs: In the first scenario, IndivHM, the CDF is estimated
for each explanation heatmap individually.

In the second scenario, SetHM, we estimate the CDF by
considering multiple explanation heatmaps. As mentioned
in Sec. 3.1, the explanation heatmaps are produced by a
combination of the K-top interpretation heatmaps. Hence,
we consider the explanation heatmaps produced with the
same indexes of the interpretation heatmaps (i.e., produced
with same k-top indexes). Afterwards, the CDF estimation

procedure is applied on them. This is different from the first
scenario where the procedure is applied on each explanation
heatmap individually.

4. Compared Methods
This section describes the extensions applied to the fol-

lowing compared interpretation methods (VEBI [18], Topic-
based interpretation [24], and ProtoPNet [4]) for producing
the response Ri (Sec. 3.1).

VEBI. We modify VEBI [18] as follows. First, VEBI
considers the activations of all layers to interpret the base
model. In contrast, Topic-based and ProtoPNet utilize the
activations of the last convolutional layer from the base
model. Hence, for the sake of comparison, we modify VEBI
to just consider the activations of the last convolutional
layer. Second, at test time, VEBI multiplies the aggregated
activations from example Xi from class c by the indica-
tor wc. The indicator, originally, is selected based on the
ground truth label c. We modify this step by considering the
predicted class c′ for selecting the indicator wc′ . The rea-
son for such modification is explaining the model based on
the predicted class instead of ground truth class. In the next
step, the resulted non-zero responses with higher scores are
selected as the relevant layer/filter elements. Finally, origi-
nally, this information is fed to a Deconvnet-based method
with guided backpropagation to generate a heatmap visual-
ization. Instead of Deconvnet-based method, we consider
GradCAM with two reasons. First, guided backpropagation
based method computes the gradient of the selected features
with respect to the input features. Different from it, we aim
to measure the influence of the identified features on the
prediction made by the model. Therefore, we utilize Grad-
CAM which computes the gradient of the predicted output
with respect to the identified relevant filters. Second, due
to the sanity check analysis done by [13], GradCAM pro-
vides more reliable visualizations in comparison to other
well-know methods. Finally, the generated heatmaps by
GradCAM pertaining to those identified filters by VEBI are
considered as the set Ri in Sec. 3.1.

Topic-based Interpretation. We modify Topic-based
interpretation [24] as follows. At test time, we push each ex-
ample Xi to the base model to produce the activation maps
Ai∈Rw×h×d from the last convolutional layer. Next, con-
sidering the learned topics with size d×T , we compute a
matrix product between activation maps and T topics. The
obtained response represents the ”closeness probability” of
T topics to the activations from Xi. Also, the response is in
the activation map spatial dimension (i.e., h×w×T ) which
means each slice of T topics can be superimposed into the
input image to show highlighted part. As a result, we con-
sider these T responses as the set Ri in Sec. 3.1.

ProtoPNet. [4] learns a set of Pc={p1, p2, ..., pQ} pro-
totypes for class c (c=1...N), where pe(e=1...Q) is a 1D
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Figure 3. Visual explanations of the investigated interpretation methods over the CNNs trained on the CUB-70 dataset.
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Figure 4. Visual explanations of the investigated interpretation
methods over the CNNs trained on the CelebA dataset.

Method VGG19 Densenet121 Resnet50
VEBI 0.01/0.07 0.02/0.05 0.01/0.1
ProtoPNet 0.04/0.09 0.01/0.07 0.09/0.01
Topic-based 0.01/0.01 0.01/0.02 0.01/0.01

Table 2. The optimal obtained proportion of units (in the form
(CelebA/CUB-70)) for each pairs interpretation method and CNN.

such as facial parts or bigger parts such as skin and hair,
compared to ProtoPNet. Similarly, this is also more evi-
dent in Densenet121-CUB70 where the visualizations from
VEBI have higher precision than those of Topic-based in-
terpretation (Figure 3 (middle)).

From the dataset point of view, VEBI and ProtopNet are
competitive with each other. However, Topic-based inter-
pretation has poor performance in CUB-70 models and is
only competitive with others in models trained on CelebA.
This is also evident in Figures 3, 4, and 6 where Topic-
based interpretation has visual explanations with better cov-
erage in the CelebA models in comparison to those of CUB-
70 models. This shows that VEBI and ProtoPNet can ex-
plain properly both types of coarse-grained (i.e., CelebA)
and fine-grained (i.e., CUB-70) datasets, while Topic-based
interpretation has better performance on coarse-grained
tasks as that from CelebA.

To sum up, the quantitative analysis at the dataset level
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Figure 5. Comparison between two binarization scenarios over
CNNs trained on two datasets CelebA and CUB-70.

shows that each method has a better coverage rate at differ-
ent thresholds in comparison to each other. Hence, for each
method we consider the proportion of units indicated in Ta-
ble 2 which leads to the highest coverage rate. Considering
these thresholds, VEBI outperforms ProtoPNet and Topic-
based Interpretations on models trained on CUB-70 and
CelebA datasets, such as Densenet121-CUB70, ResNet50-
CUB70, Resnet50-CelebA, and VGG19-CelebA.
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Figure 6. Visual explanations with the highest (top) and lowest
(bottom) IoU coverage.
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Figure 7. Dataset-level comparison among interpretation methods
over CNNs trained on the CelebA and CUB-70 datasets.

5.7. Part-Level Coverage Rate

In this section, we consider the obtained thresholds (cor-
responding to the proportion of units in Table 2) for com-
paring the interpretation methods in terms of semantic part
coverage rate. To do so, we illustrate in Figure 8 the seman-
tic part coverage accuracy computed by Eq. 4 according to
the obtained optimum thresholds.

As can be seen, VEBI has the higher coverage rate in the
higher number of semantic parts in models trained on both
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Figure 8. Semantic part-level comparison among interpretation
methods over CNNs trained on the CelebA and CUB-70 datasets.

datasets, such as Densenet121-CUB70, ResNet50-CUB70,
Resnet50-CelebA, and VGG19-CelebA.

To sum up, taking the quantitative analysis presented in
Sec. 5.6 and this section, VEBI outperforms Topic-based in-
terpretation and ProtoPNet in terms of coverage rate in both
datasets and semantic parts levels. This reveals that expla-
nation heatmaps generated from interpretations provided by
VEBI can highlight uniformly the variety of semantic parts
with high coverage rate in comparison to those of ProtoP-
Net and Topic-Based interpretation methods.

6. Conclusion
We propose an evaluation protocol for assessing the ef-

fectiveness of interpretation methods in identifying the rel-
evant latent features encoded in a base model. To do so, we
enhanced the compared methods to be capable of generating
visual explanations. In addition, we examined two inten-
sity thresholding scenarios to determine the best strategy for
obtaining an optimal intensity threshold. Our experiments
suggest that VEBI outperforms others in two datasets CUB-
70 and CelebA on the considered CNN architectures. More-
over, in contrast to estimating binarization parameters in a
per-heatmap basis, our results suggest that higher perfor-
mance can be achieved when considering sets of heatmaps.
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