
This Looks Like That: Deep Learning for
Interpretable Image Recognition

Chaofan Chen∗
Duke University

cfchen@cs.duke.edu

Oscar Li∗
Duke University

oscarli@alumni.duke.edu

Chaofan Tao
Duke University

chaofan.tao@duke.edu

Alina Jade Barnett
Duke University

abarnett@cs.duke.edu

Jonathan Su
MIT Lincoln Laboratory†

su@ll.mit.edu

Cynthia Rudin
Duke University

cynthia@cs.duke.edu

Abstract

When we are faced with challenging image classification tasks, we often explain
our reasoning by dissecting the image, and pointing out prototypical aspects of
one class or another. The mounting evidence for each of the classes helps us
make our final decision. In this work, we introduce a deep network architecture –
prototypical part network (ProtoPNet), that reasons in a similar way: the network
dissects the image by finding prototypical parts, and combines evidence from the
prototypes to make a final classification. The model thus reasons in a way that is
qualitatively similar to the way ornithologists, physicians, and others would explain
to people on how to solve challenging image classification tasks. The network uses
only image-level labels for training without any annotations for parts of images.
We demonstrate our method on the CUB-200-2011 dataset and the Stanford Cars
dataset. Our experiments show that ProtoPNet can achieve comparable accuracy
with its analogous non-interpretable counterpart, and when several ProtoPNets
are combined into a larger network, it can achieve an accuracy that is on par with
some of the best-performing deep models. Moreover, ProtoPNet provides a level
of interpretability that is absent in other interpretable deep models.

1 Introduction

How would you describe why the image in Figure 1 looks like a clay colored sparrow? Perhaps
the bird’s head and wing bars look like those of a prototypical clay colored sparrow. When we
describe how we classify images, we might focus on parts of the image and compare them with
prototypical parts of images from a given class. This method of reasoning is commonly used
in difficult identification tasks: e.g., radiologists compare suspected tumors in X-ray scans with
prototypical tumor images for diagnosis of cancer [13]. The question is whether we can ask a
machine learning model to imitate this way of thinking, and to explain its reasoning process in a
human-understandable way.

The goal of this work is to define a form of interpretability in image processing (this looks like that)
that agrees with the way humans describe their own thinking in classification tasks. In this work,
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Leftmost:	a	test	image	of	a	clay-colored	sparrow
Second	column:	same	test	image,	each	with	a
																bounding	box	generated	by	our	model
																--	the	content	within	the	bounding	box
																is	considered	by	our	model	to	look	similar
																to	the	prototypical	part	(same	row,	third
																column)	learned	by	our	algorithm
Third	column:	prototypical	parts	learned	by	our
																algorithm
Fourth	column:	source	images	of	the	prototypical
																parts	in	the	third	column
Rightmost	column:	activation	maps	indicating	how
																similar	each	prototypical	part		resembles
																part	of	the	test	bird

Figure 1: Image of a clay colored sparrow and how parts of it look like some learned prototypical
parts of a clay colored sparrow used to classify the bird’s species.

we introduce a network architecture – prototypical part network (ProtoPNet), that accommodates
this definition of interpretability, where comparison of image parts to learned prototypes is integral
to the way our network reasons about new examples. Given a new bird image as in Figure 1, our
model is able to identify several parts of the image where it thinks that this part of the image looks
like that prototypical part of some class, and makes its prediction based on a weighted combination
of the similarity scores between parts of the image and the learned prototypes. In this way, our model
is interpretable, in the sense that it has a transparent reasoning process when making predictions.
Our experiments show that our ProtoPNet can achieve comparable accuracy with its analogous
non-interpretable counterpart, and when several ProtoPNets are combined into a larger network,
our model can achieve an accuracy that is on par with some of the best-performing deep models.
Moreover, our ProtoPNet provides a level of interpretability that is absent in other interpretable deep
models.

Our work relates to (but contrasts with) those that perform posthoc interpretability analysis for a
trained convolutional neural network (CNN). In posthoc analysis, one interprets a trained CNN by
fitting explanations to how it performs classification. Examples of posthoc analysis techniques include
activation maximization [5, 12, 22, 44, 30, 38, 50], deconvolution [51], and saliency visualization [38,
42, 41, 36]. All of these posthoc visualization methods do not explain the reasoning process of how a
network actually makes its decisions. In contrast, our network has a built-in case-based reasoning
process, and the explanations generated by our network are actually used during classification and
are not created posthoc.

Our work relates closely to works that build attention-based interpretability into CNNs. These models
aim to expose the parts of an input the network focuses on when making decisions. Examples of
attention models include class activation maps [56] and various part-based models (e.g., [55, 53, 15,
57, 43, 10, 9, 34, 37, 49, 7]; see Table 1). However, attention-based models can only tell us which
parts of the input they are looking at – they do not point us to prototypical cases to which the parts
they focus on are similar. On the other hand, our ProtoPNet is not only able to expose the parts of
the input it is looking at, but also point us to prototypical cases similar to those parts. Section 2.5
provides a comparison between attention-based models and our ProtoPNet.

Recently there have also been attempts to quantify the interpretability of visual representations
in a CNN, by measuring the overlap between highly activated image regions and labeled visual
concepts [1, 54]. However, to quantitatively measure the interpretability of a convolutional unit in a
network requires fine-grained labeling for a significantly large dataset specific to the purpose of the
network. The existing Broden dataset for scene/object classification networks [1] is not well-suited
to measure the unit interpretability of a network trained for fine-grained classification (which is our
main application), because the concepts detected by that network may not be present in the Broden
dataset. Hence, in our work, we do not focus on quantifying unit interpretability of our network, but
instead look at the reasoning process of our network which is qualitatively similar to that of humans.

Our work uses generalized convolution [8, 29] by including a prototype layer that computes squared
L2 distance instead of conventional inner product. In addition, we propose to constrain each
convolutional filter to be identical to some latent training patch. This added constraint allows us
to interpret the convolutional filters as visualizable prototypical image parts and also necessitates a
novel training procedure.
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Our work relates closely to other case-based classification techniques using k-nearest neighbors
[47, 35, 32] or prototypes [33, 2, 48], and very closely, to the Bayesian Case Model [18]. It relates
to traditional “bag-of-visual-words” models used in image recognition [21, 6, 17, 40, 31]. These
models (like our ProtoPNet) also learn a set of prototypical parts for comparison with an unseen
image. However, the feature extraction in these models is performed by Scale Invariant Feature
Transform (SIFT) [27], and the learning of prototypical patches (“visual words”) is done separately
from the feature extraction (and the learning of the final classifier). In contrast, our ProtoPNet uses
a specialized neural network architecture for feature extraction and prototype learning, and can be
trained in an end-to-end fashion. Our work also relates to works (e.g., [3, 24]) that identify a set
of prototypes for pose alignment. However, their prototypes are templates for warping images and
similarity with these prototypes does not provide an explanation for why an image is classified in a
certain way. Our work relates most closely to Li et al. [23], who proposed a network architecture
that builds case-based reasoning into a neural network. However, their model requires a decoder (for
visualizing prototypes), which fails to produce realistic prototype images when trained on datasets of
natural images. In contrast, our model does not require a decoder for prototype visualization. Every
prototype is the latent representation of some training image patch, which naturally and faithfully
becomes the prototype’s visualization. The removal of the decoder also facilitates the training of
our network, leading to better explanations and better accuracy. Unlike the work of Li et al., whose
prototypes represent entire images, our model’s prototypes can have much smaller spatial dimensions
and represent prototypical parts of images. This allows for more fine-grained comparisons because
different parts of an image can now be compared to different prototypes. Ming et al. [28] recently
took the concepts in [23] and the preprint of an earlier version of this work, which both involve
integrating prototype learning into CNNs for image recognition, and used these concepts to develop
prototype learning in recurrent neural networks for modeling sequential data.

2 Case study 1: bird species identification

In this case study, we introduce the architecture and the training procedure of our ProtoPNet in
the context of bird species identification, and provide a detailed walk-through of how our network
classifies a new bird image and explains its prediction. We trained and evaluated our network on
the CUB-200-2011 dataset [45] of 200 bird species. We performed offline data augmentation, and
trained on images cropped using the bounding boxes provided with the dataset.

2.1 ProtoPNet architecture

Figure 2 gives an overview of the architecture of our ProtoPNet. Our network consists of a regular
convolutional neural network f , whose parameters are collectively denoted by wconv, followed by a
prototype layer gp and a fully connected layer h with weight matrix wh and no bias. For the regular
convolutional network f , our model use the convolutional layers from models such as VGG-16,
VGG-19 [39], ResNet-34, ResNet-152 [11], DenseNet-121, or DenseNet-161 [14] (initialized with
filters pretrained on ImageNet [4]), followed by two additional 1 × 1 convolutional layers in our
experiments. We use ReLU as the activation function for all convolutional layers except the last for
which we use the sigmoid activation function.

Given an input image x (such as the clay colored sparrow in Figure 2), the convolutional layers of
our model extract useful features f(x) to use for prediction. Let H ×W ×D be the shape of the
convolutional output f(x). For the bird dataset with input images resized to 224 × 224 × 3, the
spatial dimension of the convolutional output is H = W = 7, and the number of output channels
D in the additional convolutional layers is chosen from three possible values: 128, 256, 512, using
cross validation. The network learns m prototypes P = {pj}mj=1, whose shape is H1 ×W1 ×D
with H1 ≤ H and W1 ≤ W . In our experiments, we used H1 = W1 = 1. Since the depth of
each prototype is the same as that of the convolutional output but the height and the width of each
prototype is smaller than those of the whole convolutional output, each prototype will be used to
represent some prototypical activation pattern in a patch of the convolutional output, which in turn
will correspond to some prototypical image patch in the original pixel space. Hence, each prototype
pj can be understood as the latent representation of some prototypical part of some bird image in
this case study. As a schematic illustration, the first prototype p1 in Figure 2 corresponds to the head
of a clay colored sparrow, and the second prototype p2 the head of a Brewer’s sparrow. Given a
convolutional output z = f(x), the j-th prototype unit gpj

in the prototype layer gp computes the
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Figure 2: ProtoPNet architecture.
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Figure 3: The reasoning process of our network in deciding the species of a bird (top).

Figure 4: Visual comparison of different types of model interpretability: (a) object-level attention
map (e.g., class activation map [56]); (b) part attention (provided by attention-based interpretable
models); and (c) part attention with similar prototypical parts (provided by our model).

Figure 5: Nearest prototypes to images and nearest images to prototypes. The prototypes are learned
from the training set.
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