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Abstract

While Convolutional Neural Networks (CNN) achieve state-of-the-art predictive per-
formance in applications such as computer vision, their predictions are difficult to explain,
similar to other types of deep learning models. Different solutions have been proposed to
explain CNNs, from explanations of individual image predictions, to interpretable models
that approximate the predictions of the CNN model. A recent line of research focuses
on explaining CNNs using semantic concepts in images, such as objects, shapes, or colors,
which are easier to understand. We contribute to this line of research by proposing POEM,
a framework that produces patterns of concepts to explain image classifier CNNs. POEM
identifies patterns such as “If bed, then bedroom”, meaning that if an image contains a
bed and the model pays attention to the bed, then the model classifies the image as a
bedroom.

We first introduce the general pipelined framework used in POEM, which we also use
to describe the current related solutions. Then we propose improvements in each of the
pipeline steps for more accurate explanation of CNNs. We also create a web-based tool for
interactive visual analysis of the patterns. Finally, we demonstrate the effectiveness of our
solution using multiple use cases involving different CNN models and datasets.
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Chapter 1

Introduction

Deep learning models have achieved state-of-the-art predictive performance in many ap-
plications, including computer vision and natural language processing. However, their
predictions are not human-interpretable. This lack of explainability can be a barrier to
more widespread adoption of deep learning models, especially in critical applications such
as healthcare and law where the decisions should be transparent and justi�able [16]. In this
work, we focus on explaining image classi�er Convolutional Neural Networks (CNN), which
are commonly used in computer vision applications involving classifying image inputs. We
provide further background about CNNs in Chapter 2.

The approaches to explaining deep learning models can be generally categorized into
local explanations, which explain single predictions of the model, andglobal explanations,
which interpret the general decision-making of the model. In the case of CNNs, local
explanations usually include identifying the importance of each pixel in the input image
towards the prediction of the model, which forms thesaliency mapof the image [30, 36,
40, 29]. Figure 1.1 shows examples of saliency maps created using theClass Activation
Mapping (CAM) method [40], where more red areas indicate higher importance for the
prediction of the related image. For example, we can see how the upper part of a teapot
is important toward detecting the image as a teapot. However, to �nd whether such an
observation extends to all teapot images, we need to manually inspect the saliency maps
for all the dataset images predicted as teapot.

For global explanations of CNNs, a common approach is to generate synthetic visu-
alizations, also calledfeature visualizations, which can explain what is learned by each
layer of a CNN model [23, 26, 24, 27]. Some examples of such visualizations are shown in
Figure 1.2. Unlike saliency maps, feature visualizations can provide insights about what
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Figure 1.1: Example input images on top, with their corresponding CAM saliency maps
in the bottom [40]

Figure 1.2: Example feature visualizations showing what is learned by the last layer of the
AlexNet CNN model [23]

the CNN model learns in general. However, some of these visualizations may be hard to
interpret. Moreover, we may have hundreds of such feature visualizations for each CNN
model, which need to be analyzed manually to gain insights about what the model learns.

In response to the limitations of saliency maps and feature visualizations, some recent
methods have focused on identifying the semantic concepts learned by a CNN model,
which are easier to interpret, such as objects, shapes, colors and textures [4, 14, 19, 11, 9,
20]. Automated identi�cation of such concepts learned by a CNN removes any need for
burdensome human analysis of the results. The individual identi�ed concepts, however,
may not be enough to �nd out how di�erent combinations of concepts can lead to prediction
of di�erent classes by the CNN. For example, we may want to know what class (bedroom
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Figure 1.3: General process of the surrogate approach for explaining black box models
using interpretable methods

or kitchen) the model predicts when the model pays attention to both a bed and a chair
in an image.

In order to �nd interesting patterns relating the identi�ed concepts to CNN model
predictions, we can use thesurrogate approach, also calledmodel distillation. Using this
approach, interpretable models such as decision trees or rule mining methods are used
to approximate the predictions of opaque models such as CNNs. Figure 1.3 shows the
general process used in the surrogate approach. In this process, the predictions of the
black box model (e.g. the CNN) are used as the labels of the input data examples (e.g.
images), instead of their ground-truth labels. Then this labeled dataset is used to train an
interpretable model such as a decision tree, or to �nd patterns using a rule mining method.
In the case of image classi�cation using CNNs, image pixels are the input features that
can be fed to the interpretable model along with the CNN predictions as labels. However,
explanations based on image pixels may not be interpretable, and do not take into account
what the internal components of the CNN are learning. To address these issues, a better
alternative is to use the identi�ed concepts learned by the CNN as the image features given
to the interpretable model for explanation.

Based on this concept-based surrogate approach, we propose a new framework called
POEM for explaining the image classi�er CNN models using patterns of semantic concepts.
The inputs given to POEM are a CNN model and a related target dataset, which is a
dataset of images the CNN is trained to classify. The output is a set of patterns linking
concepts in dataset images with CNN model predictions. For instance, in the case of a
CNN model which classi�es room images into bedrooms or kitchens, POEM may identify
a pattern in the form \if bed, then bedroom". This pattern indicates that if an image
contains a bed and the model pays attention to the bed in the image during inference,
then the model classi�es the image as a bedroom rather than a kitchen. Such patterns can
serve as explanations describing the prediction behavior of the CNN model based on the
concepts in images.
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In order to describe our solution and the improvements over the related work, we
introduce the general framework used in POEM which includes the following three steps:

1. Concept Identi�cation �nds the set of important concepts which the model generally
learns for classifying images.

2. Concept Attribution associates each input image with one or more of the identi�ed
concepts which the model pays attention to while classifying the image.

3. Concept Pattern Mining produces a set of interpretable rules or patterns linking
concepts to model predictions.

As we explain in Chapter 3, a few related works have applied a similar rule-based
surrogate approach to explaining CNNs using concepts [18, 32, 10, 38]. However, they
have some shortcomings in their implementation of each of these steps, including how
relevant and interpretable are the concepts identi�ed, how much the concepts attributed
to each image are actually important toward the model's prediction, and how varied and
informative are the patterns mined from the image concepts.

We address these issues by applying more e�ective methods in each step to have more
accurate concepts identi�ed and attributed to images. We also apply an ensemble of rule
mining methods to �nd more informative patterns to explain the model. Two of these
methods have not been applied previously for explaining CNNs. Furthermore, we create a
web-based tool available online1 which enables us to view the list of patterns and visually
analyze their related data to gain insights about the CNN model. Further details of
our approach in each step and the web-based tool can be found in Chapter 4. We then
demonstrate the e�ectiveness of POEM compared to previous work through two use cases
involving di�erent CNN models and datasets, as explained in Chapter 5. Finally, Chapter 6
includes a summary of the limitations of our work and potential future research directions.

In summary, here are our contributions:

ˆ We introduce a three-step framework for representing and comparing the surrogate
approaches to explaining CNNs using patterns of concepts, including our method.

ˆ We propose POEM as a more e�ective implementation of this framework based on
improvements in each pipeline step, which results in more accurate explanations of
CNNs.

1http://poem.lg-research-1.uwaterloo.ca - Note that this is a temporary address which may not be
available over long term
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ˆ We create a web-based tool for interactive visual analysis of the patterns and their
related data.

ˆ We perform experiments using two di�erent use cases to demonstrate the e�ectiveness
of POEM in explaining CNNs.

5



Chapter 2

Convolutional Neural Networks

Here we provide some background about the CNN architecture for image classi�cation, as
needed to understand our method and the related work. The input to a CNN is a matrix
including pixel intensities of the input image, which is 2-dimensional for grayscale images
and 3-dimensional for colour images. In this text, for brevity we consider the input image
to be a 2D matrix.

A CNN model includes afeature extractor and a classi�er component, as shown in
Figure 2.1. The feature extractor receives the input image and passes it through multiple
consecutiveconvolutional layers, which transform the input pixels to detect important
features for the prediction. These transformations are done using multiple�lters in each
layer, and the output of each �lter is a matrix called anactivation map or feature map,
as Figure 2.2 shows. Activation maps actually capture what a �lter has learned from an
image and passes forward in the network.

The activation maps from the last convolutional layer are then given to the dense fully-
connected layers of the classi�er to produce the model outputs. The output is a vector,
where each element corresponds to the output value for one of the target classes. The class
with the highest output value is selected as the prediction of the model.

During training, the training input images are passed through the model, and the
convolutional �lters and dense weights are updated bybackpropagatingthe class prediction
errors. The gradients of the prediction errors with respect to each of the �lters are used
to decide how much and in what direction each �lter should be updated. In this way, the
�lters learn to identify those features in images which can minimize the overall prediction
error of the model.
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Figure 2.1: The architecture of a typical CNN model, including the feature extractor and
classi�er components [28]

Previous research shows that the �rst convolutional layers tend to identify simple fea-
tures such as edges and corners in input images, while the deeper layers are more likely
to detect high-level objects and shapes [23, 29, 4, 5]. Moreover, the output from the last
convolutional layer includes what the model has learned from the input as passed to the
�nal classi�er part. For this reason, we focus on the �lter activation maps of the last
convolutional layer of the network for identifying the concepts, as they are more likely to
identify high-level human-understandable concepts.

Finally, when we mentiontarget datasetin this text, we mean a dataset of images which
is related to a CNN model's goal. For instance, if a CNN model is trained to distinguish
between di�erent types of indoor places, a dataset of indoor place images is a target dataset
for this model. The target dataset may be the same as the training set of the model, though
we use a test set as the target dataset in our use case experiments in order to avoid any
bias in the pipeline process.
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Figure 2.2: Activation map created as a result of applying the �lter over all parts of the
input image or the activation maps of the previous layer [22]
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Chapter 3

Related Work

In this chapter, we review the related works based on their approach to each of the steps in
the pipeline we proposed, and highlight their di�erences with our work. We focus mostly
on related works which, similar to POEM, use a concept-based rule mining approach to
explain CNNs. In the last section of this chapter, for completeness we brie
y review
some of the methods which use a surrogate approach for explaining CNNs without using
concepts, as well as the signi�cant methods which provide concept-based explanations of
CNNs without taking advantage of an interpretable surrogate model.

3.1 Concept Identi�cation

The goal of concept identi�cation is to identify the concepts learned by the CNN model,
which is usually done using a dataset of images as input. The output from this process can
be either a set of concepts or �lter-concept mappings which show what concept is mostly
learned by each �lter in a target convolutional layer of the CNN.

Multiple concept identi�cation methods have been proposed recently. Some of these
methods analyze a pretrained CNN model in order to identify the concepts learned without
modifying or retraining the model [4, 14, 11, 19]. Other methods have proposed modi�-
cations to the architecture of the CNN model in order to direct it toward revealing the
concepts learned [9, 38, 20]. Those related works which use a rule mining approach similar
to POEM, have applied some of the mentioned concept identi�cation methods or their
variants as the �rst step in their process. We explain some of these methods here, while
in Section 3.5 we review some of the other concept identi�cation methods which generate
independent concept-based explanations without a surrogate approach.
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Figure 3.1: Network dissection process for checking the overlap between concept segments
and �lter activations for each input image in the Broden dataset [4]

A system relatively similar to our pipeline isCNN2DT [18], which usesNetwork Dis-
section [4] for concept identi�cation. In this method, images from a �xed pre-segmented
dataset calledBroden are passed through the CNN to �nd out which segments (concepts)
in images lead to higher activations in each �lter of the last convolutional layer, as shown
in Figure 3.1. Then the overlap between each concept and each �lter's high-activation
areas are measured. Finally, each �lter is mapped to a concept it has the most overlap
with over all the images. As we show in our experiments in Chapter 5, a limitation of this
method is that some of the concepts identi�ed may not be relevant to the task and classes
of the CNN model. This happens because of using a �xed secondary dataset rather than
the target dataset of the CNN.

In ACDTE [10], a concept identi�cation method is proposed for local explanation of
single image predictions. As Figure 3.2 shows, this method �nds and segments a set
of images similar to the image to be explained. It then groups the �lter activations of
image segments into di�erent clusters, where each cluster potentially represents a single
concept. Using this approach, human inspection is required to map each cluster to the
corresponding concept. Moreover, each cluster is not guaranteed to represent only a single
concept, and may include image segments of multiple di�erent concepts.ERIC [32], which
is a method for mining rules relating �lters to model predictions, has the same shortcoming,
as it requires manual inspection of images and their activations to identify �lter-concept
mappings.

Finally, methods such as [37] add new convolutional layers to the CNN model and use
an optimization process to direct the newly-added �lters to reveal the concepts learned by
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Figure 3.2: The process used in ACDTE for explaining the prediction of an image using
the concepts found in a set of similar images [10]

the model. This requires modifying or partial retraining of the model analyzed, which may
not be always desirable.

As we explain further in Section 4.1, we address these issues by using a more recent
version of Network Dissection [5]. This method enables us to identify a wide range of
concepts automatically from any CNN model and target dataset, without needing to use
a secondary dataset and to modify or retrain the model. This also leads to identifying
concepts which are relevant to the task of the CNN model and the related classes.
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3.2 Concept Attribution

After the concepts learned by the �lters of the model are identi�ed, the next step is to
associate each input image in the target dataset to a subset of these concepts that played
a role in the model's prediction for that image.

Towards this goal, a naive solution is to only check those concepts which are present in
an image. This is similar to the classic surrogate approach where the features of input data
are used directly as the inputs to the surrogate model. The problem with this approach
is that, only knowing that a concept is present in the image does not mean the model is
looking at the concept for its prediction. In order to reach such a conclusion, the internal
components of the model (i.e. the �lters in the case of CNNs) need to be analyzed.

In most related work [18, 10, 32], those �lters are considered for concept attribution of
an image which are highly activated when the image passes through them. Using the �lter-
concept mappings from the concept identi�cation step, such an approach can identify the
important concepts for an image. While high activation can be an indication that a �lter
pays attention to an image, it does not necessarily mean that the �lter's activation map
has actually played a signi�cant role in the �nal prediction of the model. Furthermore, we
are not sure if the high-activation region in the �lter's activation map actually corresponds
to the location of the learned concept in the image.

As we explain in Section 4.2, by employing a semantic segmentation model that seg-
ments an image into its constituting concepts, we make sure that the high-activation area
overlaps with the concept in the image. We also check the gradients of the model to
ensure the concept actually plays a role in the �nal predicted class for the image. As we
demonstrate in Chapter 5, these checks lead to more accurate patterns explaining the CNN
model's behavior. Also because fewer concepts are linked with each image, insigni�cant
concepts with few occurrences over all images can be �ltered out to have faster pattern
mining and more concise patterns in the next step.

An alternative approach for concept attribution can be based oncounterfactual or
perturbation-basedexplanations [34, 15, 1]. Instead of analyzing the �lter activations and
gradients in a CNN model, methods using the counterfactual approach perturb an image
to �nd out removing which parts or concepts from an image leads to a di�erent prediction
by the model. As we explain in Chapter 6, we will explore a counterfactual approach for
concept attribution in a future work.

12



Figure 3.3: Example decision tree created by ACDTE for explaining the concepts playing
a role in the prediction of a place image [10]

3.3 Concept Pattern Mining

The goal of this �nal step is to �nd interesting patterns linking the concepts attributed to
images to speci�c CNN model predictions. Such patterns can provide potential insights
about the model's prediction rationale and help to audit the model and the target dataset.

Almost all related methods have used some form of decision trees as surrogate models
to explain the model predictions using concepts [38, 18, 10, 32]. This is mostly because
decision trees are generally intuitive and fast to build. Also it is possible to interpret each
root-to-leaf path in the tree as a rule or pattern to analyze. Figure 3.3 shows an example
decision tree created using ACDTE [10] for explaining the classi�cation of a place image.
Another decision tree example created by CNN2DT [18] can be seen in the left side of
Figure 3.4, where each splitting node of the tree represents a concept.

The downside with the rules extracted from decision trees is that, as the tree grows
deeper, the rules become more narrow and less concise. Moreover, the order of concepts
used to split the tree nodes limits the variety of the patterns. For example, the patterns \If
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