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Abstract

We investigate the role of neurons within the internal computations of deep neural
networks for computer vision.

We introduce network dissection, a method for quantifying the alignment be-
tween human-interpretable visual concepts and individual neurons in a deep network.
We apply network dissection to examine and compare the internal computations
of several networks trained to classify and represent images, and we ask how well
human-understandable concepts align with neurons at di Lerent layers, in di [erent ar-
chitectures, with various training objectives; we also compare neurons to random linear
combinations of neurons, and examine emergence of concepts as training proceeds.

Then, we adapt network dissection to analyze generative adversarial networks. In
GAN dissection, human-understandable neurons are identified by applying a semantic
segmentation model to generated output. We find that small sets of neurons control
the presence of specific objects within synthesized scenes. We also find that activating
neurons reveals modeled rules and interactions between objects and their context.

We then ask how to dissect and understand the omissions of a generative network.
Omissions of human-understandable objects can be quantified by comparing semantic
segmentation statistics between the training distribution and the generated distribution.
Then we develop a method that can invert and reconstruct generated images in a
progressive GAN, and show that this reconstruction can visualize specific cases in
which the GAN omits identified object classes.

Finally, we ask how rules within a generative model are represented. We hypothesize
that the layers of a generative model serve as a memory that stores associations from
representations of concepts at the input of a layer to patterns of concepts at the output
to the layer, and we develop a method for rewriting the weights of a model by directly
rewriting one memorized association. We show that our method can be used to rewrite
several individual associative memories in a Progressive GAN or StyleGAN, altering
learned rules that govern the appearance of specific object parts in the model.

Thesis Supervisor: Antonio Torralba
Title: Professor of Electrical Engineering and Computer Science
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Chapter 1

Introduction

This thesis proposes a way to understand how deep networks work. We ask the

fundamental question:Do deep neural networks contain concepts?

Inspired by decades of neuroscience research on biological braihsptroduce
methods for directly probing the internal structure of an arti cial neural network
by testing the activity of individual neurons and their interactions. Because in our
computerized setting we have the luxury of examining every neuron of a trained
network, we assume a detailed systems view: we investigate the role of every individual

unit, and test every unit on a broad range of stimuli.

By beginning with the simplistic proposal that an individual neuron might represent
one internal concept, we pursue our fundamental question in a concrete, quantitative
way: Which neurons? Which concepts? What are concept neurons used for? Then:
Can we see which concepts are missing? And: Can we see rules governing concept
relationships? Taken together, the research challenges the notion that a neural network

is hopelessly opaque. Instead, we tear back the curtain and chart a path through the

Defense talk video, demos, code and data dtttps://dissection.csail.mit.edu/ .

" In experiments ranging from the Lettvin et al. [1959] study of the frog optic nerves to the Quiroga
[2012] observation of a single neuron selective for one particular celebrity, neuroscience has a long and
continuing tradition of measuring the response of single neurons to particular classes of nontrivial
stimuli. Several inspiring experiments are described in Chapter 2.

»This is a simpli cation of the neuron doctrine [Barlow, 1972], which is not the modern consensus
in neuroscience; mainstream views are closer to the distributed coding model [Haxby et al., 2001].
Nevertheless, for understanding arti cial neural networks we take the old neuron doctrine seriously
with full awareness of distributed codes. We discuss this debate further in Chapter 2.
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Figure 1-1: The response of one unit to one image. In a convolutional network, individual
neurons are part of aunit of identically-parameterized neurons that perform the same
calculation at each location in the visual eld. To visualize the response of a neuron, we
consider it together with the full grid of neurons within its unit, and highlight the portions

of the image in which those neurons are ring strongest. Here unit 208 of layectonv5_3 of
the VGG-16 network activates on top parts of bodies of two baseball players in an image.

detailed structure of a network by which we can begin to understand its logic.

In Chapter 2 we review the literature to survey other approaches for understanding
neural networks, and we also review the history of classical neuroscience experiments
that motivated the neuron doctrine. Then in subsequent chapters we present the
methods, experiments, and results of our current work. Each of Chapters 3-6 describes
a set of experimental results that | have previously presented at computer vision
conferences together with collaborators who are noted in each chapter. The remainder

of this chapter gives an extended overview.

1.1 Dissecting a classi er

What is a neuron's purpose? We know that individual units have been seen to respond
to object classes, parts, textures, tense, gender, context, and sentiment (see Figures 1-1,
1-2 and [Zeiler and Fergus, 2014, Zhou et al., 2015, Mahendran and Vedaldi, 2015,
Karpathy et al., 2016, Radford et al., 2017]). And when images are synthesized to
maximize the response of single neurons, the results can resemble real-world objects
such as faces or animal parts or vehicles [Erhan et al., 2009, Szegedy et al., 2014,
Mordvintsev et al., 2015, Nguyen et al., 2015, Olah et al., 2017, Mahendran and
Vedaldi, 2015, Nguyen et al., 2016, 2017].

18



Figure 1-2: The speci city and invariance of a unit is revealed by testing its response on
many images. Unit 208 is speci c to people wearing hats. It does not activate strongly on
non-hat-wearing-people, but it activates on hat-wearers in a variety of contexts, poses, and
types of hats. In network dissection, we map out such selectivity by comparing the responses
of every unit in a network to human-labeled segmentations of images in which more than
1000 visual concepts such as object, parts, materials, and textures are labeled. (This unit
emerges in a VGG-16 network trained to classify images of places.)

But are such single-neuron phenomena systematic? To understand the selectivity
of individual neurons quantitatively, we ought to investigate every neuron and test
selectivity for every concept we can imagine. We should test each concept using many
images, and compare concept neurons to baselines using other possible encodings.

In Chapter 3, we pursue that goal by introducing the method of Network Dissection.
Rather than testing each neuron on a single image or a single concept, we test all
neurons on a data set we construct for the purpose (Section 3.2.1). In all, we use more
than 60,000 labeled images with more than 1,000 visual concepts to conduct tests on
every neuron in every layer of several image classi cation networks.

Our approach allows us to investigate the specics of the sparse neural code
employed by a network. For example, beyond identifying a neuron that is selective for
trees, we can nd and count every neuron in the network that is selective for trees. By
standardizing a metric and applying the same measurement across networks, layers, and
concepts, we can also make quantitative comparisons about the emergence of concepts
globally (Figure 1-3). Our experiments con rm that neurons in a convolutional network
detect a hierarchy of visual concepts of increasing complexity by layer, with simple
textures dominating early layers and neurons for abstract object classes emerging in

later layers. We also nd the presence of neurons that detect parts and object classes

19



Figure 1-3: Charting the concepts of a layer. By testing every individual neuron (b) against
all the visual concepts in a large set we can build a map of every neuron for each concept (a).
The height of each bar shows the number of neurons that match the given concept. Individual
concept names can be read by magnifying the gure. This plot uses the method of Bau et al.
[2020], which builds upon the method described in Chapter 3.

that are not explicit in the training task, such as neurons speci ¢ to human faces in
networks that were trained to distinguish scene classes. And we identify conditions
under which more or fewer object detection neurons emerge (Sections 3.3.3-3.3.7).

Distributed coding advocates [Plaut and McClelland, 2010, Averbeck et al., 20086,
Haxby et al., 2001] might object to the special attention we pay to single neurons,
because one might argue that concepts live within a population of neurons, not
within individual neurons. Neurons could obtain their selectivity simply by being
undistinguished members of a powerful dense distributed code in which any arbitrary
feature combination would be selective for a meaningful concept. Network dissection
allows us to test that hypothesis directly: we form randomized feature combinations,
and compare their selectivity for concepts against that of individual neurons. When
we perform that test (Section 3.3.2), we nd that the dense distributed code model
does not explain selectivity. Although single neurons are not perfect matches for
human-meaningful concepts, they do match concepts much better than arbitrary
feature combinations within the population (Figure 1-4).

Therefore we conclude that neurons are selective for meaningful concepts, and

networks do contain many such neurons. These ndings lead to two further puzzles:

1. What causal role does a concept neuron have within the networkRoes activat-

“When we ask about the causal role of a neuron, we are not asking about causality in the real
world, but the simpler question of causality within the network computation: how a neuron's output

20



Figure 1-4: Testing the dense distributed code hypothesis. The units of a layer align with
more human-meaningful visual concepts (a) than would be expected for an arbitrary linear
coding of the same representation space (b). The two image representations have perfectly
equivalent power and classi cation accuracy because each is a feature-space rotation of the
other. Experiment from Section 3.3.2.

ing a concept neuron cause the network to perceive that concept?

2. Why do neurons tend toward human-meaningful concepts? Do concept detectors

arise due to the supervision of human-created labels in training?

Neuron causality can be investigated in classi ers by measuring the impact of removal
of neurons on accuracy. Although removing one concept neuron tends to have negligible
impact on overall accuracy [Morcos et al., 2018], neuron removal does have a strong
impact on the accuracy of individual classes. In Bau et al. [2020] and Zhou et al.
[2018], our measurements of causal links between neuron and classes hint at a neuron's
purpose. For example, removing the hat neuron damages classi cation accuracy for
the baseball eld and construction site classes, which might suggest that the network
was blinded to baseball hats and construction helmets. However, evidence from such
experiments remains circumstantial, since we cannot directly ask the classi er what it
perceives when a neuron is removed.

The challenge of clarifying the purpose and causal role of concept-correlated
neurons motivates us to move beyond classi ers to study an unsupervised generative

setting, which we introduce next.

causes the network behavior to change. This can be tested by overriding the neuron's output and
substituting a given value (e.g. set to zero to remove a neuron) when running the network.
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Figure 1-5: When a GAN network (a) synthesizes a random realistic image (b), the semantics
for a single unit can be measured by comparing the unit response (c) to the predictions of a
segmentation network trained to locate human-meaningful concepts in an image (d). Here a
single unit has some agreement with the locations of trees in the generated image (e). In
GAN dissection, we measure this agreement across many images.

1.2 Dissecting a generator

An unconditional Generative Adversarial Network (GAN) is trained on the task of
transforming a noise vector to a random realistic image that imitates a sample from
an unlabeled training set [Goodfellow et al., 2014]. A GAN trained using current
methods [Karras et al., 2018, 2019, 2020] can produce high-quality complex output
such as realistic scenes that contain buildings and trees and other objects. Such realistic
output suggests an ability to model meaningful structure in the world, even though
the GAN is trained without the detailed supervision of human-annotated labels.
When a GAN draws an image that contains a tree, we wish to understand: does a
GAN know about the tree? We do not intend to ask about the full real-world idea
of a tree, but rather whether the GAN models the visual concept of a tree as its
own class of object distinct from buildings or roads, and if it knows that trees have
their own particular appearance and propensity to appear in particular contexts in
a scene. To investigate this question, in Chapter 4 we extend network dissection to

GANSs, testing the neurons of several Progressive GAN models [Karras et al., 2018]
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Figure 1-6: The emergence of object and part neurons in an unsupervised GAN trained
to mimic kitchen scenes. Although the GAN has never been exposed to the purpose of an
appliance or the use of a chair, single neurons emerge that are selective for those objects (b)
as well as a variety of other objects and parts that appear in kitchens (a).

for agreement with a range of meaningful visual concepts. Because a GAN synthesizes
its own images, we introduce use of a pretrained semantic segmentation network for

identifying neurons with human-understandable semantics (Figure 1-5).

Our measurements of neuron selectivity within several GAN models reveal object-
speci ¢ units in a GAN even in the absence of label supervision: a network trained on
outdoor church scenes has neurons for object classes such as trees, doors, and domes.
And a GAN trained on kitchen scenes has neurons for objects such as cabinets, ovens,
and chairs (Figure 1-6).

These networks have never had the experience of seeing the branches of a tree sway
in the wind, and they have no reason to know that an oven has a real-world purpose
as a distinct appliance. Yet the task of learning how to draw scenes containing those
objects has allowed the network to learn how to segregate the representation of each

object into a set of neurons. Learning to draw seems to induce an awareness of objects.

However, correlation is not causation, and without further evidence, we risk letting
our imagination go too far. The role of the neuron would be clearer if we could ask
the network to describe the e ects of neurons on its own thoughts. Famously, Jerome

Lettvin imagined nding a set of “‘mother neurons’ whose purpose was clear because,

YMother neurons have been promoted to “grandmother neurons' in the popular imagination. In
the original telling of Lettvin's humorous allegory, the discoverer of mother neurons moved on to
future work on grandmother neurons due to better availability of research funding [Barwich, 2019].
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Figure 1-7: Conducting Lettvin's ‘'mother neuron' experiment on a Progressive GAN trained
on outdoor church scenes. Removing 20 tree-speci ¢ units causes a scene with trees (a) to
have far fewer trees while not reducing buildings (b). Activating 20 door-speci ¢ neurons
cases a scene without a door (c) to have a door (d).

when a fabled human subject was asked to discuss his family after the neurons' removal
from his brain, he was utterly unable to describe his own mother, even while still

talking about the red dress she wore [Barlow, 2009].

In an ideal world, we could test the causal e ect of any neuron by asking the
network what it sees when we stimulate or remove the neuron (this has occasionally
been done with humans [Parvizi et al., 2012, Schalk et al., 2017]). While neither a
classi er nor a generator can talk about its own perception, a generator does present
a wonderful opportunity to conduct the experiment, because it is trained to e ectively
draw what it thinks To see what a GAN is thinking, we simply let it generate its

output image while we stimulate any set of neurons we wish.

Thus we can conduct Lettvin's ‘mother neuron' test almost exactly, by generating
images while removing one or more neurons that are selective for a single concept,
or conversely activating them. Figure 1-7 shows the result: the more tree-neurons we
remove, the fewer trees it draws. And activating a small set neurons for a concept

such as doors causes network to depict a new door where it previously did not exist.

By examining the details within images produced in neuron intervention exper-
iments, we can see two more ways in which the e ects of neurons are fascinating.
First, we can see that the neurons' causal impacts are highly speci c. For example, in
Figure 1-7(b), observe that while trees are removed, other details in the scene such as

buildings are not reduced. In particular, parts of the building that used to be obscured
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Figure 1-8: GANPaint: a user interface for painting with neurons. (a) The user can select a
concept paintbrush, such as "dome' then scribble on a region of the image. (b) 20 concept-
speci ¢ neurons are activated in the scribbled area, and the GAN will add the requested
object in a way that ts into the existing scene. For example, a dome shape smoothly added
into the existing building. Interactive demo at gandissect.csail.mit.edu/ganpaint

by the trees are now visiblé! That new complex building shapes become visible
when trees are suppressed strongly suggests that trees and buildings are processed
as separate objects by the model. The second interesting phenomenon is discussed,
measured and illustrated in Section 4.4.4: if door neurons are activated in the sky or
the grass or a location that would not make sense for a door, the model will not add a
door. The model contains a computational rule that prevents doors from being drawn

in places where a door would not make sense. In both these cases, it is apparent that
the GAN encodes rules governingelationships between concepts.

These e ects lead to visually satisfying results, and the method enables us to
create an application, GANPaint, that presents the user with a “semantic paintbrush'’
that activates or deactivates sets of neurons speci c to a visual concept that they can
select. The user can paint trees or doors or other objects in a synthesized scene. With
each brushstroke, small sets of concept-speci ¢ neurons are activated, and as a result
the GAN alters the scene in a realistic way (Figure 1-8).

Our ndings from interventions of the neurons of a GAN lead us to two further

TWhen trees vanish while buildings remain, it is reminiscent of Lettvin's idea of the mother's red
dress remaining. It is especially surprising here because our GAN has just been trained on the task of
matching visible pixels; yet it has apparently learned to model parts of objects that arenot visible,
such as the parts of the buildings that had been obscured by trees.
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guestions concerning the limitations and rules encoded within a network:
1. How can we quantify and visualize concepts that a GAN doe®t draw?

2. Is it possible to understand howrules governing relationships between concepts

are represented within a network?

Investigating these two questions are the subjects of Chapter 5 and Chapter 6.

1.3 Seeing what a GAN cannot generate

If the neurons of a network tell us what visual concepts a network contains, then how
can we discover what visual concepts a netwofkils to contain? Understanding the
omissionsof a network requires a new kind of test, because it is di cult to explain an
omission by giving just one example of an image.

In Chapter 5, we devise two types of pairwise comparisons to understand the omis-
sion of a GAN: rst, we comparedistributions of images, contrasting the distribution
of outputs of a GAN with the GAN's training distribution (Figure 1-9(a)). Second, we
compareinstancesof images, pairing each real training images with a GAN-generated
image that is optimized to be as similar as possible to the real image (Figure 1-9(b,c)).

Surprisingly, we nd that the distributions concentrate many of their di erences
on a few object classes. For example, the training data for a GAN model of church
buildings contains many people in the images, but the output of the GAN model
contains very few objects that resemble people. The same systematic omissions can be
observed on other classes of complex objects, such as vehicles and text, and quanti ed
as shown in Figure 1-9(a).

To visualize instances of the omissions, we develop a network inversion procedure
that can accurately invert layers of a generator networks by calculating the noise that
would produce a generated image, that is, identifying the z for which G(z) = x, if
there is one (see Figure 5-6). By applying this inversion on training images that cannot
be synthesized by the GAN, we can create pairs of images that visualize speci c cases

in which the GAN omits identi ed object classes, as shown in Figure 1-9(c).
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Figure 1-9: Two ways to understand GAN omissions. (a) By comparing statistics of human-
understandable visual concepts in generated images to those of training images, we can see
that the GAN concentrates omissions in a few visually complicated classes such as people,
vehicles, and signs with text. (b) An example of a typical training set image, containing a
person. (c) By inverting the GAN and drawing the image reconstruction, we can directly
see an example of a GAN omitting people from a generated image; this matches the sharp
dropout of the person object class seen in the statistics.

1.4 Rewriting rules in a generative model

While the data processsed by a network are represented by tlaetivations of its
neurons, therules governing the data processing must be represented by theightsof
the connections between neurons. Thus understanding the rules of a network requires

us to understand its weights.

In Chapter 6, we propose a new problem setting that is equivalent to understanding
how the rules of a model are encoded in the weights. We ask, for any generalized rule
within a model, is there a minimal change in the weights that will cause the model to
change that one rule without changing other unrelated behavior in the network?

For example, a network could contain a rule that speci es Towers have pointy
roofs, not leafy branches. (Figure 1-10) We ask, which weights need to change in order
to change that rule? For example, can we change the rule so that tops of buildings are
instead required to grow trees and not peaked roofs? We are not interested in just
changing how one image is computed: we wish to change the rule in general, so that

all similar buildings sprout trees instead of rooftops.

To solve this problem, we hypothesize that the model memorizes rules in its layers
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Figure 1-10: The goal of rewriting a generative model. (a) A pretrained model generates
images that follow systematic rules learned from the data, for example, towers are topped
by pointy rooftops. (b) The goal is to make a minimal change in the weights of a model to
change one systematic rule without interfering with other aspects of the model.

Figure 1-11: A single-layer associative memory model for the purpose of a layer in a deep
network. If a network memorizes rules by storing key-value associations in a layer, then we
should be able to change a rule by rewriting one such memaorized association.

by treating each layer as a lookup table that maps neurons for a meaningful input
context, such as "top of a tower,' to neurons for a meaningful output command such
as ‘draw a pointy rooftoop' (Figure 1-11). To understand how such a table would be
organized, we adopt a simple mathematical model of single-layer neural netwofks.
An analysis of this model reveals that a single rule should correspond taank-one
subspaceof the weights of a layer.

To test this hypothesis, we build a user interface that would enables a person to

edit a rank-one subspace of weights a GAN by highlighting examples of a rule to

TThe optimal linear associative model was rst proposed by Kohonen [1972] and Anderson [1972],
where they used it to reason about the capabilities and organization of a single-layer neural network.
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Figure 1-12: Human interaction for rewriting a generative model. A person selects a behavior
such as (a) a furry mustache, and then selects an example of a rule that should be changed
to use the new behavior, such as (b) the eyebrow of a child. Then to demonstrate the desired
generalization the user selects (c) a few additional context examples. After rewriting the rule,
(d) new unseen examples also obey the new rule, and the rule has generalized according to
the examples, for example (e) altering both eyebrows instead of just one. Yet the rule change
is also speci ¢, minimizing changes outside the eyebrow change that was desired. Interactive
demos atrewriting.csail.mit.edu

change. And we demonstrate and measure e cacy at changing some individual rules,
for example altering the appearance of eyebrows on children, or causing trees to sprout

out of towers (Figure 1-12).

Although our editing method can only change some speci c kinds of rules encoded
by a large model, the results are interesting because they demonstrate that, by cracking
open a model and understanding and manipulating its internal structure, it is feasible
to directly create a model that exhibits behavior that a person designed, that does

not need to be trained to mimic any new data set.

In other words, by understanding the internal language of a deep network, we
have found that we can enable a person to teach a network to do something new that
merges capabilities that the network has learned through machine learning, with new

rules that come not from data, but from the imagination of the human user.
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1.5 Summary

We start this journey by asking: Do deep neural networks contain concepts?

Following this inquiry within state-of-the-art models in computer vision leads us to
insights about the computational structure of those deep networks that enable several
new applications, including GANPaint semantic manipulation of objects in an image;
visualization of objects that are missing from a generative model; and quick, selective
editing of generalizable rules within a fully trained StyleGAN network.

The results from our investigations demonstrate that, although we train deep neural
networks as black boxes, we are not compelled to use them that way. They contain
computational structure that can be decomposed, understood, and manipulated.

The simple methods we develop in this dissertation presage a scienti ¢ approach to
machine learning in which we will not be content to allow a model to learn freely from
data, but where machine learning becomes just one step in a larger model-building
process. They anticipate a future in which it will become routine for model internals
to be analyzed, understood, manipulated, decomposed, and recombined to create new

systems that solve human needs that cannot be expressed by imitation of data alone.
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Chapter 2

Literature Review

At the heart of both the success and the enigma of modern computer vision is our
eld's reliance on machine learning to automatically learn programs from data. As long
as we can calculate a robust numerical objective that measures how well a program
solves a task on a set of examples, computer vision practitioners have found that
we can perform a task without fully understanding how it is done. We train deep
convolutional neural networks [LeCun et al., 1995] by optimizing our objectives on
large data sets, and the learned weights take care of the details. The approach has
proven so e ective that machine learning with convolutional networks has become
the central tool for solving almost every problem in computer vision including image
classi cation [Krizhevsky et al., 2012, Szegedy et al., 2015, He et al., 2016, Tan and
Le, 2019], object detection [Girshick, 2015, Ren et al., 2015, Redmon et al., 2016],
scene segmentation [Long et al., 2015, Badrinarayanan et al., 2017, Zhou et al., 2017a,
Chen et al., 2018b, Kirillov et al., 2019], captioning [Vinyals et al., 2015, Xu et al.,
2015, Rennie et al., 2017, Yao et al., 2018, Lu et al., 2019], 3D perception [Eigen et al.,
2014, Godard et al., 2017, Zhou et al., 2017b, Mahjourian et al., 2018] and image
synthesis [Goodfellow et al., 2014, Radford et al., 2016, Arjovsky et al., 2017, Isola
et al., 2017, Zhu et al., 2017, van den Oord et al., 2017, Brock et al., 2019, Karras
et al., 2018, 2019, 2020].

The success of machine learning across computer vision poses a new problem for

computer vision scientists, because now, constructing a working program no longer
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su ces as proof that we understand the solution. After creating a network that
performs well on a prescribed task, we can still nd ourselves utterly unable to
explain its limitations, such as why the system will be fooled by tiny changes in the
input [Szegedy et al., 2014, Papernot et al., 2016, Madry et al., 2018]. Even more
astoundingly, we can be just as unable to anticipate the capabilities of our network,
such as how it can represent solutions to problems that seem more speci ¢ and complex
than the original training task [Yosinski et al., 2014, Chen et al., 2020, He et al., 2020,
Grill et al., 2020].

Thus if we wish to fully understand a computer vision task, we are now faced with
a second puzzle after making a network work: how to explain, understand, and control
the computations that our trained network has learned.

While the network dissection approach described in this thesis is one way to under-
stand a neural network, it is one among many of approaches that have been developed,
which we survey here. We will examine both recent methods for understanding arti -
cial neural networks in computer vision, and classical experiments investigating the

structure of biological vision networks.

2.1 Other ways to understand a deep network

As computational forms, neural networks are powerful because they are a family of
universal function approximators[Hornik et al., 1989], but this exibility also makes
deep networks di cult to understand. For example, a VGG16 classi er [Simonyan and
Zisserman, 2015] is a nonlinear function computed by performing 19.6 billion oating

point operations using 138 million learned parameters.

2.1.1 Surrogate models and explanation models

One response to the complexity is to model the network with a simpler calculation. For
example, in the neighborhood of a single image, the local behavior of a large network
like VGG16 can be approximated by a simple linear model [Ribeiro et al., 2016] which

is easier to analyze. Nonlinear surrogate models can also provide insight: a network can
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be approximated as sets of examples in a nearest-neighbor model [Caruana et al., 1999,
Kim et al., 2014]. Or its behavior can be modeled by a decision tree [Féraud and Clérot,
2002, Frosst and Hinton, 2017, Zhang et al., 2019] or a nite state machine [Koul et al.,
2019]. Once a surrogate model is created, instead of explaining the original complex

neural network, we can explain behavior by examining the activity of the surrogate.

Another modeling approach seeks out explanations by recruiting the help of a
powerful explanation network. Here a second model is again used that is designed to be
more understandable to humans than the original, but rather than choosing a simpler
model, one uses a larger powerful model that is trained to generate human-readable
explanatory text [Hendricks et al., 2016], or images that show where the relevant
evidence is [Park et al., 2018]. Such explanation networks can be trained on a data set
of human-created explanations so that the justi cations are similar to the explanations

that a human would give.

A supplementary model can also be used to understand information within the
network by decoding its representations. A common approach is to decode specic
variables from a layer by training a linear model [Alain and Bengio, 2017, Kim
et al., 2017, Belinkov et al., 2017]. A decoder can also be trained to reconstruct
an input image that yields the same representation [Dosovitskiy and Brox, 2016,
Mahendran and Vedaldi, 2015, Vondrick et al., 2013, Weinzaepfel et al., 2011], to
visualize model perception. A decoding model can also be trained to identify invariances

and equivariances in a layer [Lenc and Vedaldi, 2015].

Training a second model to provide insights about the behavior of an opaque
neural network can uncover insights such as which input variables seem to be the
most important for a particular decision [Ribeiro et al., 2016], or whether the model
contains sensitive latent information such as legally protected class membership [Kim
et al., 2017]. However, one disadvantage of introducing a second model is that the
limitations, biases, and structure of the second model may not be identical to those of
the original network. For example, a variable that plays a causal role in a surrogate
model may not play a causal role in the original network's computations [Goyal et al.,

2019]. Explanations of a second model may also miss structural insights about the
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