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Motivation

Consider a shy 'German shepherd dog' who hides from pe-
ople.

� It is not hard for a human or advanced machine learning
models to discover the dog.
�Naturally, the explanation for such a decision making
should avoid the “occluded” part of the image.

How do we explain?

�We present a novel, black-box algorithm for computing
explanations that uses a principled approach based on
causal theory.

Related Work

�RAP: Relative Attributing Propagation attributes a posi-
tive and negative relevance to each neuron, according to
its relative influence among the neurons [Nam et al, 2020].
�DC-SBFL: [Sun et al, 2019] apply fault localization techni-
que from software engineering to explaining image classifi-
ers. They treat an explanation as the cause for the original
decision that is to be localized.
�Extremal: The concept of “extreme perturbations” has
been introduced to improve the perturbation analysis by
the algorithm in [Fong et al, 2019].
�RISE: In [Petsiuk et al, 2018] the importance of a pixel is
computed as the expectation over all local perturbations
conditioned on the event that the pixel is observed.

RAP DC-SBFL

Extremal RISE

Causes in Image Classification

Definition 1 For an image x classified by the DNN as
f (x) = o, a pixel pi of x is a cause of o iff there exists a
subset Pj of pixels of x such that the following conditions
hold:
SC1. pi 6∈ Pj;
SC2. changing the color of any subset P ′j ⊆ Pj to the mas-

king color does not change the classification;
SC3. changing the color of Pj and the color of pi to the mas-

king color changes the classification.

�Definition 1 is equivalent to the definition of actual cause
when all variables in the model are independent of each
other.

Explanation for Image Classification

Definition 2 (Explanation for image classification) An
explanation in image classification is a minimal subset of
pixels of a given input image that is sufficient for the DNN to
classify the image, where “sufficient” is defined as contai-
ning only this subset of pixels from the original image, with
the other pixels set to the masking color.

A partially occluded image that is classified as 'bus'

Explanation found

Causal Explanation: Part I

�Partition the input into super-pixels.

The initial four super-pixels

�Estimate the importance of each super-pixel following
causal responsibility analysis.

Causal Explanation: Part II

� Iterative refinement.

Refinement of an initial super-pixel (bottom right)

�Pixel importance estimation.

The resulting heatmap from a particular initial partition

� Initial partitions⇒ importance estimations.

Individual heatmaps from different initial partitions

Causal Explanation: Part III

�The final pixel importance is an average of all individual
pixel importance.
�This is a highly parallel procedure.

(a) A partially occluded image
that is classified as 'bus' by the
compositional net [18]

(b) The initial four superpixels chosen by DC-
Causal (Line 3 in Alg. 3)

(c) Further refinement of the (lower left) super-
pixel in Figure 2b (Line 7 in Alg. 2)

Figure 2: An illustrative example using DC-Causal to explain an image from the partial occlusion image data set [19, 32]

(a) N = 1 (b) N = 10 (c) N = 20 (d) N = 30

(e) N = 40 (f) N = 50 (g) N = 70 (h) N = 100

Figure 3: Improvement of the DC-Causal’s pixel ranking as
the number of initial partitions N increases (Alg. 3)

Figure 4: Explanation found by DC-Causal for Fig. 2a for
the ranking in Fig. 3f

(a) 'West Highland white terrier' (b) 'Ocean liner'

Figure 5: Photo Bombing images and output from DC-Causal

rithm can continue down to the level of a single pixel, thus
resulting in n pixels in the last step, hence the factor n. The
algorithm performs N iterations, and every iteration uses a
different initial partition.

5. Evaluation
Benchmarks and Setup We have implemented the pro-
posed compositional explanation approach in the publicly
available tool DeepCover3. In the evaluation, we compare
DC-Causal with a wide range of explanation tools, including
the most recent ones and popular ones like DC-SBFL [30],
Extremal [10], RISE [24], RAP [22], LRP [1], IG [31] and
GBP [29]. We test both the Compositional Net that has been
designed for partially occluded images [18] and standard

3The experimental data in this section and more results (e.g., for different
configurations of the algorithm and explaining misclassifications) can be
found at https://www.cprover.org/deepcover/.

convolutional models for ImageNet. We use three data sets:
images known to feature partial occlusion [19, 32], a “Pho-
tobombing” data set with added occlusions for which we
have ground truth, and the “Roaming Panda” data set, which
contains modified ImageNet images without occlusion [30].

There is no single best way to evaluate the quality of
an explanation. In this work, we quantify the quality of the
explanations with two complementary methods: 1) the expla-
nation size, and 2) the intersection with the planted occlusion
part of an image. Intuitively, a good explanation should be
a part of the original input and it should not intersect much
with the occlusion.

We configure DC-Causal to use four superpixels per parti-
tion. The termination conditions for the partition refinement
in Alg. 2 are: 1) the height/width of a superpixel is smaller
than 1

10 of the input image’s or 2) the four superpixels share
the same responsibility. The parameter N of Alg. 3 is set
to 50.

MS-COCO images with partial occlusions In this part
of the evaluation, we consider explanations for classifications
done by the compositional net [18] for partially occluded
input images from the MS-COCO dataset [20]. Due to the
lack of ground truth for this data set (Fig. 7), we use the
(normalised) size of the explanation as proxy for quality.
On average, the explanations from DC-Causal contain less
than 13% of the total pixels and this compares favourably to
37.8% for DC-SBFL. DC-Causal’s ranking yields 80% correct
classification results when using the Compositional Net on
only 20% of the pixels of the input image. This is more than
a 20% improvement over DC-SBFL.

“Photo Bombing” images Similarly to the images with
partial occlusion used in Section 5, we create an image
set named “Photo Bombing”. We plant occlusions (aka
“photobombers”) into ImageNet images and we record these
occlusion pixels so that we can measure the intersection
of explanations with the occluded pixels. Examples (and
the corresponding DC-Causal explanations) from the Photo
Bombing data set are given in Fig. 5.

Fig. 6 gives the results on the photobombing images. The
y-axis is the retained accuracy of the classifier on the expla-
nation part of the image (with the rest masked). We observe

The average heatmap with number N of individual heatmaps

Implementation

�The causal implementation tool is implemented in the
open source tool DeepCover.

�BSD-3-Clause License.

https://github.com/theyoucheng/deepcover

� --causal option in DeepCover.

Evaluation

There is no single best way to evaluate the quality of an ex-
planation. We quantify the quality of the explanations with
two complementary methods:

� the explanation size, and

� the intersection with the planted occlusion part of an
image.

Intuitively, a good explanation should be a part of the origi-
nal input and it should not intersect much with the occlusion.

� Intersection between the explanation and the occlusion
(smaller is better).
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�The size of the explanation (smaller is better).
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�DC-Causal is the proposed causal explanation.

More Examples

Row 1: Inputs ('ladybeetle', 'black bear', 'golden retriever',
'dalmatian', 'ocean liner' and 'West Highland white terrier');
Row 2: explanations; and Row 3: heatmaps.

https://www.cprover.org/deepcover/


