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Abstract

Interpretable deep learning for natural language processing

by

William James Murdoch

Doctor of Philosophy in Statistics

University of California, Berkeley

Professor Bin Yu, Chair

Machine-learning models have demonstrated great success in learning complex patterns that
enable them to make predictions about unobserved data. In addition to using models for prediction,
the ability to interpret what a model has learned is receiving an increasing amount of attention.
These interpretations have found a number of uses, ranging from providing scientific insight to
auditing the predictions themselves to ensure fairness with respect to protected categories like race
or gender. However, there is still considerable confusion about the notion of interpretability. In
particular, it is currently unclear both what it means to interpret a ML model, and how to actually
do so.

In the first part of this thesis, we address the foundational question of what it means to interpret
a ML model. In particular, it is currently unclear what it means to be interpretable, and how to
select, evaluate, or even discuss, methods for producing interpretations of machine-learning mod-
els. We aim to clarify these concerns by defining interpretable machine learning and constructing
a unifying framework for existing methods which highlights the under-appreciated role played by
human audiences. Within this framework, methods are organized into two classes: model-based
and post-hoc. To provide guidance in selecting and evaluating interpretation methods, we introduce
three desiderata: predictive accuracy, descriptive accuracy, and relevancy. Using our framework,
we review existing work, grounded in real-world studies which exemplify our desiderata, and sug-
gest directions for future work.

The second through fourth parts introduce a succession of methods for interpreting predic-
tions made by neural networks. The second part focuses on Long Short Term Memory networks
(LSTMs) trained on question-answering and sentiment analysis, two popular tasks in natural lan-
guage processing. By decomposing the LSTM’s update equations, we introduce a novel method
for computing feature importance scores of specific inputs for determining the output of an LSTM.
In order to verify the output of our method, we use the introduced scores to search for consistently
important patterns of words learned by state of the art LSTMs on sentiment analysis and question
answering. This representation is then quantitatively validated by using the extracted phrases to
construct a simple, rule-based classifier which approximates the output of the LSTM.
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While feature importance scores are helpful in understanding a model’s predictions, they ig-
nore the complex interactions between variables typically learned by neural networks. To this end,
the third part introduces contextual decomposition (CD), an interpretation algorithm for analysing
individual predictions made by standard LSTMs, without any changes to the underlying model.
By decomposing the output of a LSTM, CD captures the contributions of combinations of words
or variables to the final prediction of an LSTM. On the task of sentiment analysis with the Yelp and
Stanford Sentiment Treebank (SST) data sets, we show that CD is able to reliably identify words
and phrases of contrasting sentiment, and how they are combined to yield the LSTM’s final pre-
diction. Using the phrase-level labels in SST, we also demonstrate that CD is able to successfully
extract positive and negative negations from an LSTM, something which has not previously been
done.

When considering interactions between variables, the number of interactions quickly becomes
too large for manual inspection, leading to the question of how to automatically select and display
an informative subset. In the fourth part, we introduce the use of hierarchical interpretations to
explain DNN predictions through our proposed method: agglomerative contextual decomposition
(ACD). Given a prediction from a trained DNN, ACD produces a hierarchical clustering of the
input features, along with the contribution of each cluster to the final prediction. This hierarchy is
optimized to identify clusters of features that the DNN learned are predictive. We introduce ACD
using examples from Stanford Sentiment Treebank and ImageNet, in order to diagnose incorrect
predictions, identify dataset bias, and extract polarizing phrases of varying lengths. Through hu-
man experiments, we demonstrate that ACD enables users both to identify the more accurate of
two DNNs and to better trust a DNN’s outputs. We also find that ACD’s hierarchy is largely robust
to adversarial perturbations, implying that it captures fundamental aspects of the input and ignores
spurious noise.
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Chapter 1

Introduction

In recent years, modern machine learning (ML) models have demonstrated impressive predictive
accuracy across a wide variety of tasks. However, due to our inability to describe the relationships
learned by these models, this improvement in accuracy has come at the cost of many models being
characterized as black boxes, incapable of providing additional insight into the data beyond the
provided predictions. Recently, research in interpretable ML has received increasing attention as
an approach to remedy this problem. While there have been some promising results, many founda-
tional issues are still unresolved. This thesis addresses two challenges in developing interpretable
ML methods: what, precisely, does it mean to interpret a ML model, and how can we produce
interpretations of individual predictions made by deep learning models.

One of the main challenges in interpretable ML is that the notion of interpretation is not well
defined. When taken to its full generality, to interpret something means to extract information (of
some form) from it, an overly general notion. Even when restricted to interpretable ML, many basic
questions remain, including what constitutes a good interpretation, what common threads exist
among disparate interpretation techniques, and how to select an interpretation method for a chosen
problem/audience. The first part (Chapter 2 - 7) of this thesis aims to address these challenges by
precisely defining interpretable ML, introducing a framework for discussing interpretations, and
categorizing existing techniques into a succinct set of categories.

Having better understood what it means to interpret a ML model, the remainder of this thesis
focuses on the technical challenge of how to produce such interpretations in the context of deep
learning. In particular, we introduce a succession of three prediction-level interpretation methods,
which aim to explain individual predictions made by a neural network. Modern neural networks
can contain hundreds of millions of parameters, which store information used to make predictions
in complex and non-obvious ways. Given a prediction made by a trained model, the methods in-
troduced in parts two through four of this thesis process the models parameters in order to interpret
why the model made that particular prediction.

The three prediction-level interpretation methods introduced in this thesis are designed to ex-
tract an increasing amount of information from a neural network. First, in part two (Chapter 8
- 10), we introduce a method to extract word importance scores from Long Short Term Memory
Networks (LSTMs), a particular type of neural network popular in natural language processing. In



CHAPTER 1. INTRODUCTION 2

part three (Chapter 11 - 12), we extend this method to develop Contextual Decomposition (CD),
a method capable of extracting importance scores for groups of variables, thus capturing interac-
tions an LSTM learns between variables. Finally, in part four (Chapter 13 - 14), we generalize
CD from LSTMs to general neural networks, and introduce agglomerative CD (ACD). ACD is an
interpretation technique that produces a hierarchy of important groups of features, paired with their
CD scores. To produce the hierarchy, ACD conducts agglomerative clustering using the CD score
as a joining metric. A recurring challenge throughout this thesis is validating the interpretations
produced by our method, with each new method necessitating the creation of a novel evaluation
scheme.

The described methods and analysis were all implemented in either torch (parts two and three)
or pytorch (part four). For part four, the described results are fully reproducible using publicly
available code1. Parts two and three were implemented in torch, a framework that was once pop-
ular, but is no longer widely used. To enable future development, such as [44], the code for com-
puting CD scores described in part three was translated to pytorch and made publicly available2.

The following sections describe the contributions of this thesis in more detail.

1.1 Defining interpretable machine learning
The increased focus on interpretable ML has led to considerable confusion about the notion of in-
terpretability. In particular, it is unclear how the wide array of proposed interpretation methods are
related, and what common concepts can be used to evaluate them. In collaboration with Chandan
Singh, Karl Kumbier, Reza Abbasi-Asl and Bin Yu, we aim to address these concerns by defining
interpretability in the context of ML and introducing the Predictive, Descriptive, Relevant (PDR)
framework for discussing interpretations. The PDR framework provides three overarching desider-
ata for evaluation: predictive accuracy, descriptive accuracy and relevancy, with relevancy judged
relative to a human audience. Moreover, to help manage the deluge of interpretation methods,
we introduce a categorization of existing techniques into model-based and post-hoc categories,
with sub-groups including sparsity, modularity and simulatability. To demonstrate how practition-
ers can use the PDR framework to evaluate and understand interpretations, we provide numerous
real-world examples. These examples highlight the often under-appreciated role played by human
audiences in discussions of interpretability. Finally, based on our framework, we discuss limita-
tions of existing methods and directions for future work. We hope that this work will provide a
common vocabulary that will make it easier for both practitioners and researchers to discuss and
choose from the full range of interpretation methods.

1https://github.com/csinva/acd
2https://github.com/jamie-murdoch/ContextualDecomposition



CHAPTER 1. INTRODUCTION 3

1.2 Extracting word importance scores from LSTMs
In part two (Chapter 8 - 10), jointly with Arthur Szlam, we focus on LSTMs trained on question-
answering and sentiment analysis, two popular tasks in natural language processing. In this con-
text, we extract a simple form of interpretation: for a particular prediction, we compute importance
scores for each individual input. These interpretations are computed through an exact decomposi-
tion of an LSTM’s output, with each term corresponding to the importance of a particular word.
In the context of sentiment analysis, this is able to recover strong unigram signals, such as that
“good” has positive sentiment and “terrible” has negative sentiment. In order to verify the output
of our method, we use the introduced scores to search for consistently important patterns of words
learned by state of the art LSTMs on sentiment analysis and question answering. This representa-
tion is then quantitatively validated by using the extracted phrases to construct a simple, rule-based
classifier which approximates the output of the LSTM.

1.3 Beyond word importance: contextual decomposition to
extract interactions from LSTMs

While importance scores for individual words are useful in interpreting decisions, they fail to de-
scribe the interactions between variables that an LSTM learns. Interactions are important to capture
because they are what distinguish an LSTM from simpler, linear models, like logistic regression.
To resolve this, in part three (Chapter 11 - 12) we extend the decomposition from part two to de-
velop Contextual Decomposition (CD), an interpretation method for explaining predictions made
by LSTMs. Whereas previous methods focused on individual words, CD computes importance
scores for groups of words, or phrases, provided by the user. Computing importance scores for
phrases, instead of words, allows CD to capture compositional effects, such as negation (e.g. “not
good”), which previous methods are unable to capture. In the presence of interactions between
phrases, we used the phrase-level labels in Stanford Sentiment Treebank [118] (SST) to demon-
strate that prior, word importance, methods, produce undesirable behavior, while CD is able to
correctly recover the underlying dynamics. Moreover, we show that CD is still able to produce
word-level importance scores that are competitive with state of the art word importance methods,
such as integrated gradients [122] and occlusion [71]. This work is a collaboration with Peter Liu
and Bin Yu.

1.4 Hierarchical interpretations of neural network predictions
While CD is able to evaluate the importance of a given phrase, it requires humans to specify which
phrases to investigate. Due to the large number of phrases in a typical sentence, it is unclear which
phrases a user should look at, and how to display those phrase importances in an intuitive summary
of a model’s prediction. To deal with this challenge, in part four (Chapter 13 - 14) we introduce
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Figure 1.1: Overview of how Recurrent Neural Networks process data

agglomerative contextual decomposition (ACD). At a high level, ACD uses agglomerative clus-
tering as a heuristic search for phrases that contain large interactions, and displays the discovered
phrases in a hierarchy for easy visualization.

In particular, given a prediction from a trained DNN, ACD produces a hierarchical clustering of
the input features, along with the contribution of each cluster to the final prediction. This hierarchy
is optimized to identify clusters of features that the DNN learned are predictive. CD is used in ACD
as the joining metric in the agglomeration routine. This work also generalizes CD from LSTMs
to general neural networks. Through human experiments, we demonstrate that ACD enables users
both to identify the more accurate of two DNNs and to better trust a DNN’s outputs. We also
find that ACD’s hierarchy is largely robust to adversarial perturbations, implying that it captures
fundamental aspects of the input and ignores spurious noise. This project was a collaboration with
Chandan Singh and Bin Yu.

1.5 A brief overview of Long Short Term Memory Networks
Due to their ability to handle variable-length inputs, such as sentences, in recent years recurrent
neural networks (RNNs) have become a core component of natural language processing systems.
At a high level, these models work by sequentially processing inputs x1, ..., xT ∈ Rd1 into a
sequence of cell and state vectors (c1, h1), ..., (cT , hT ) where ct, ht ∈ Rd2 . Starting from the first
input x1, and initializing h0 = c0 = 0, an RNN iteratively computes ct, ht = f(ct−1, ht−1, xt),
so that each ct, ht captures information for the sequence up to and including xt, as displayed in
Figure 1.1.

After processing the full sequence, the final state hT is treated as a vector of learned features,
and used as input to a multinomial logistic regression, often called SoftMax, to return a probability
distribution p over C classes, shown below. As the update function f(ct−1, ht−1, xt) is required to
be differentiable, the final probabilities are the composition of differentiable functions, and thus
differentiable themselves. Consequently, to fit an RNN, practitioners use variants of stochastic
gradient descent, such as Adam [63], where gradients are computed using backpropagation through
time [132, 84].
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pj = SoftMax(WhT )j =
exp(WjhT )∑C
k=1 exp(Wkht)

(1.1)

There have been multiple different update functions f(ct−1, ht−1, xt) proposed over time, in-
cluding the original Elman RNN [38], and more recently the Gated Recurrent Unit (GRU) [31].
In this thesis, we focus on Long Short Term Memory networks (LSTMs) [53], a type of RNN
that empirically has been proven to be very successful (although our methods readily generalize to
other update functions [98]).

As the LSTM update function f is discussed in multiple parts of this thesis, we now formally
introduce it. In this instance, it is simpler to express the update function using six equations, rather
than a single function f , but the underlying concepts remain the same. Intuition for these equations
typically centers around the cell update equation, Equation (1.6). In this equation, the previous cell
state ct−1 has some values forgotten, where forgetting corresponds to element-wise multiplication
by the forget gate ft, which is confined to the range (0, 1). After multiplication by the forget gate,
an update for step t, it�gt, is added to allow for information learned at step t. The update equations
for an LSTM are shown below.

ot = σ(Woxt + Voht−1 + bo) (1.2)
ft = σ(Wfxt + Vfht−1 + bf ) (1.3)
it = σ(Wixt + Viht−1 + bi) (1.4)
gt = tanh(Wgxt + Vght−1 + bg) (1.5)
ct = ft � ct−1 + it � gt (1.6)
ht = ot � tanh(ct) (1.7)

Where σ(x) = 1
1+e−x is the sigmoid function, tanh(x) = e2x−1

e2x+1
is the hyperbolic tangent

function, Wo,Wi,Wf ,Wg ∈ Rd1×d2 , Vo, Vf , Vi, Vg ∈ Rd2×d2 , bo, bg, bi, bg ∈ Rd2 and � denotes
element-wise multiplication. ot, ft and it are often referred to as output, forget and input gates,
respectively, due to the fact that their values are bounded between 0 and 1, and that they are used
in element-wise multiplication.



6

Part I

Defining interpretable machine learning
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Chapter 2

Interpretable machine learning: an
introduction

Machine learning (ML) has recently received considerable attention for its ability to accurately
predict a wide variety of complex phenomena. However, there is a growing realization that, in ad-
dition to predictions, ML models are capable of producing knowledge about domain relationships
contained in data, often referred to as interpretations. These interpretations have found uses both in
their own right, e.g. medicine [75], policy-making [25], and science [9, 129], as well as in auditing
the predictions themselves in response to issues such as regulatory pressure [46] and fairness [37].

In the absence of a well-formed definition of interpretability, a broad range of methods with
a correspondingly broad range of outputs (e.g. visualizations, natural language, mathematical
equations) have been labeled as interpretation. This has led to considerable confusion about the
notion of interpretability. In particular, it is unclear what it means to interpret something, what
common threads exist among disparate methods, and how to select an interpretation method for a
particular problem/audience.

In this part, we attempt to address these concerns. To do so, we first define interpretability
in the context of machine learning and place it within a generic data science life cycle. This
allows us to distinguish between two main classes of interpretation methods: model-based1 and
post hoc. We then introduce the Predictive, Descriptive, Relevant (PDR) framework, consisting
of three desiderata for evaluating and constructing interpretations: predictive accuracy, descriptive
accuracy, and relevancy, where relevancy is judged by a human audience. Using these terms, we
categorize a broad range of existing methods, all grounded in real-world examples2. In doing
so, we provide a common vocabulary for researchers and practitioners to use in evaluating and
selecting interpretation methods. We then show how our work enables a clearer discussion of open
problems for future research.

1For clarity, throughout this part we use the term model to refer to both machine-learning models and algorithms.
2Examples were selected through a non-exhaustive search of related work.
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2.1 Defining interpretable machine learning
On its own, interpretability is a broad, poorly defined concept. Taken to its full generality, to
interpret data means to extract information (of some form) from it. The set of methods falling under
this umbrella spans everything from designing an initial experiment to visualizing final results. In
this overly general form, interpretability is not substantially different from the established concepts
of data science and applied statistics.

Instead of general interpretability, we focus on the use of interpretations in the context of ML
as part of the larger data-science life cycle. We define interpretable machine learning as the use
of machine-learning models for the extraction of relevant knowledge about domain relationships
contained in data. Here, we view knowledge as being relevant if it provides insight for a particular
audience into a chosen domain problem. These insights are often used to guide communication,
actions, and discovery. Interpretation methods use ML models to produce relevant knowledge
about domain relationships contained in data. This knowledge can be produced in formats such
as visualizations, natural language or mathematical equations, depending on the context and audi-
ence. For instance, a doctor who must diagnose a single patient will want qualitatively different
information than an engineer determining if an image classifier is discriminating by race.

2.2 Background
Interpretability is a quickly growing field in machine learning, and there have been multiple works
examining various aspects of interpretations (sometimes under the heading explainable AI). One
line of work focuses on providing an overview of different interpretation methods with a strong
emphasis on post hoc interpretations of deep learning models [30, 47], sometimes pointing out
similarities between various methods [78, 7]. Other work has focused on the narrower problem
of how interpretations should be evaluated [36, 43] and what properties they should satisfy [74].
These previous works touch on different subsets of interpretability, but do not address interpretable
machine learning as a whole, and give limited guidance on how interpretability can actually be
used in data-science life cycles. We aim to do so by providing a framework and vocabulary to fully
capture interpretable machine learning, its benefits, and its applications to concrete data problems.

Interpretability also plays a role in other research areas. For example, interpretability is a major
topic when considering bias and fairness in ML models [49, 20], with examples given throughout
the part [34]. In psychology, the general notions of interpretability and explanations have been
studied at a more abstract level [60, 76], providing relevant conceptual perspectives. Additionally,
we comment on two related areas that are distinct but closely related to interpretability: causal
inference and stability.

Causal inference Causal inference [56] is a subject from statistics which is related, but distinct,
from interpretable machine learning. Causal inference methods focus solely on extracting causal
relationships from data, i.e. statements that altering one variable will cause a change in another.
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In contrast, interpretable ML, and most other statistical techniques, are generally used to describe
non-causal relationships, or relationships in observational studies.

In some instances, researchers use both interpretable machine learning and causal inference
in a single analysis [16]. One form of this is where the non-causal relationships extracted by
interpretable ML are used to suggest potential causal relationships. These relationships can then be
further analyzed using causal inference methods, and fully validated through experimental studies.

Stability Stability, as a generalization of robustness in statistics, is a concept that applies through-
out the entire data-science life cycle, including interpretable ML). The stability principle requires
that each step in the life cycle is stable with respect to appropriate perturbations, such as small
changes in the model or data. Recently, stability has been shown to be important in applied sta-
tistical problems, for example when trying to make conclusions about a scientific problem [138]
and in more general settings [48]. Stability can be helpful in evaluating interpretation methods and
is a prerequisite for trustworthy interpretations. That is, one should not interpret parts of a model
which are not stable to appropriate perturbations to the model and data. This is demonstrated
through examples in the text [97, 2, 16].
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Chapter 3

Interpretation in the data science life cycle

Before discussing interpretation methods, we first place the process of interpretable ML within
the broader data-science life cycle. Figure 3.1 presents a deliberately general description of this
process, intended to capture most data-science problems. What is generally referred to as inter-
pretation largely occurs in the modeling and post hoc analysis stages, with the problem, data and
audience providing the context required to choose appropriate methods.

Problem, Data, 
& Audience Model

Post hoc 
analysis

Iterate

Predictive 
accuracy

Descriptive 
accuracy

Figure 3.1: Overview of different stages (black text) in a data-science life cycle where interpretabil-
ity is important. Main stages are discussed in Chapter 3 and accuracy (blue text) is described in
Chapter 4.

Problem, data, and audience At the beginning of the cycle, a data-science practitioner defines
a domain problem that they would like to understand using data. This problem can take many
forms. In a scientific setting, the practitioner may be interested in relationships contained in the
data, such as how brain cells in a particular area of the visual system relate to visual stimuli [104].
In industrial settings, the problem often concerns the predictive performance or other qualities of
a model, such as how to assign credit scores with high accuracy [55], or do so fairly with respect
to gender and race [34]. The nature of the problem plays a role in interpretability, as the relevant
context and audience are essential in determining what methods to use.
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After choosing a domain problem, the practitioner collects data to study it. Aspects of the data-
collection process can affect the interpretation pipeline. Notably, biases in the data (i.e. mismatches
between the collected data and the population of interest) will manifest themselves in the model,
restricting one’s ability to make interpretations regarding the problem of interest.

Model Based on the chosen problem and collected data, the practitioner then constructs a predic-
tive model. At this stage, the practitioner processes, cleans, and visualizes data, extracts features,
selects a model (or several models) and fits it. Interpretability considerations often come into play
in this step related to the choice between simpler, easier to interpret models and more complex,
black-box models, which may fit the data better. The model’s ability to fit the data is measured
through predictive accuracy.

Post hoc analysis Having fit a model (or models), the practitioner then analyzes it for answers
to the original question. The process of analyzing the model often involves using interpretability
methods to extract various (stable) forms of information from the model. The extracted information
can then be analyzed and displayed using standard data analysis methods, such as scatter plots and
histograms. The ability of the interpretations to properly describe what the model has learned is
denoted by descriptive accuracy.

Iterate If sufficient answers are uncovered after the post hoc analysis stage, the practitioner
finishes. Otherwise, they update something in the chain (problem, data, and/or model) and iterate,
potentially multiple times [19]. Note that they can terminate the loop at any stage, depending on
the context of the problem.

3.1 Interpretation methods within the PDR framework
In the framework described above, most interpretation methods fall either in the modeling or post
hoc analysis stages. We call interpretability in the modeling stage model-based interpretability
(Chapter 5). This part of interpretability is focused upon constraining the form of ML models
so that they readily provide useful information about the uncovered relationships. As a result
of these constraints, the space of potential models is smaller, which can result in lower predictive
accuracy. Consequently, model-based interpretability is best used when the underlying relationship
is relatively simple.

We call interpretability in the post hoc analysis stage post hoc interpretability (Chapter 6).
These interpretation methods take a trained model as input, and extract information about what
relationships the model has learned. They are most helpful when the underlying relationship is
especially complex, and practitioners need to train an intricate, black-box model in order to achieve
a reasonable predictive accuracy.

After discussing desiderata for interpretation methods, we investigate these two forms of inter-
pretations in detail and discuss associated methods.
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Chapter 4

The PDR desiderata for interpretations

In general, it is unclear how to select and evaluate interpretation methods for a particular problem
and audience. To help guide this process, we introduce the PDR framework, consisting of three
desiderata that should be used to select interpretation methods for a particular problem: predictive
accuracy, descriptive accuracy, and relevancy.

4.1 Accuracy
The information produced by an interpretation method should be faithful to the underlying process
the practitioner is trying to understand. In the context of ML, there are two areas where errors can
arise: when approximating the underlying data relationships with a model (predictive accuracy)
and when approximating what the model has learned using an interpretation method (descriptive
accuracy). For an interpretation to be trustworthy, one should try to maximize both of the accura-
cies. In cases where the accuracy is not very high, the resulting interpretations may still be useful.
However, it is especially important to check their trustworthiness through external validation, such
as running an additional experiment.

Predictive accuracy
The first source of error occurs during the model stage, when an ML model is constructed. If
the model learns a poor approximation of the underlying relationships in the data, any information
extracted from the model is unlikely to be accurate. Evaluating the quality of a model’s fit has been
well-studied in standard supervised ML frameworks, through measures such as test-set accuracy.
In the context of interpretation, we describe this error as predictive accuracy.

Note that in problems involving interpretability, one often requires a notion of predictive accu-
racy that goes beyond just average accuracy. The distribution of predictions matters. For instance,
it could be problematic if the prediction error is much higher for a particular class. Moreover,
the predictive accuracy should be stable with respect to reasonable data and model perturbations.
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For instance, one should not trust interpretations from a model which changes dramatically when
trained on a slightly smaller subset of the data.

Descriptive accuracy
The second source of error occurs during the post hoc analysis stage, when interpretation meth-
ods are used to analyze a fitted model. Oftentimes, interpretation methods provide an imperfect
representation of the relationships learned by a model. This is especially challenging for com-
plex black-box models such as deep neural networks, which store nonlinear relationships between
variables in non-obvious forms.

. Definition We define descriptive accuracy, in the context of interpretation, as the degree to
which an interpretation method objectively captures the relationships learned by machine learning
models.

A common conflict: predictive vs descriptive accuracy
In selecting what model to use, practitioners are often faced with a trade-off between predictive
and descriptive accuracy. On the one hand, the simplicity of model-based interpretation methods
yields consistently high descriptive accuracy, but can sometimes result in lower predictive accuracy
on complex datasets. On the other hand, in complex settings such as image analysis, complicated
models generally provide high predictive accuracy, but are harder to analyze, resulting in a lower
descriptive accuracy.

4.2 Relevancy
When selecting an interpretation method, it is not enough for the method to have high accuracy -
the extracted information must also be relevant. For example, in the context of genomics, a patient,
doctor, biologist, and statistician may each want different (yet consistent) interpretations from the
same model. The context provided by the problem and data stages in Figure 3.1 guides what kinds
of relationships a practitioner is interested in learning about, and by extension the methods that
should be used.

. Definition We define an interpretation to be relevant if it provides insight for a particular
audience into a chosen domain problem.

Relevancy often plays a key role in determining the trade-off between predictive and descriptive
accuracy. Depending on the context of the problem at hand, a practitioner may choose to focus on
one over the other. For instance, when interpretability is used to audit a model’s predictions, such
as to enforce fairness, descriptive accuracy can be more important. In contrast, interpretability can
also be used solely as a tool to increase the predictive accuracy of a model, for instance, through
improved feature engineering.

Having outlined the main desiderata for interpretation methods, we now discuss how they link
to interpretation in the modeling and post hoc analysis stages in the data-science life cycle. Fig-
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Figure 4.1: Impact of interpretability methods on descriptive and predictive accuracies. Model-
based interpretability (Chapter 5) involves using a simpler model to fit the data which can nega-
tively affect predictive accuracy, but yields higher descriptive accuracy. Post hoc interpretability
(Chapter 6) involves using methods to extract information from a trained model (with no effect on
predictive accuracy). These correspond to the model and post hoc stages in Figure 3.1.

ure 4.1 draws parallels between our desiderata for interpretation techniques introduced in Chap-
ter 4 and our categorization of methods in Chapter 5 and Chapter 6. In particular, both post hoc
and model-based methods aim to increase descriptive accuracy, but only model-based affects the
predictive accuracy. Not shown is relevancy, which determines what type of output is helpful for a
particular problem and audience.
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Chapter 5

Model-based interpretability

We now discuss how interpretability considerations come into play in the modeling stage of the
data science life cycle (see Figure 3.1). At this stage, the practitioner constructs an ML model from
the collected data. We define model-based interpretability as the construction of models that readily
provide insight into the relationships they have learned. Different model-based interpretability
methods provide different ways of increasing descriptive accuracy by constructing models which
are easier to understand, sometimes resulting in lower predictive accuracy. The main challenge
of model-based interpretability is to come up with models that are simple enough to be easily
understood by the audience, yet sophisticated enough to properly fit the underlying data.

In selecting a model to solve a domain problem, the practitioner must consider the entirety of
the PDR framework. The first desideratum to consider is predictive accuracy. If the constructed
model does not accurately represent the underlying problem, any subsequent analysis will be sus-
pect [22, 40]. Second, the main purpose of model-based interpretation methods is to increase
descriptive accuracy. Finally, the relevancy of a model’s output must be considered, and is deter-
mined by the context of the problem, data, and audience. We now discuss some widely useful
types of model-based interpretability methods.

5.1 Sparsity
When the practitioner believes that the underlying relationship in question is based upon a sparse
set of signals, they can impose sparsity on their model by limiting the number of non-zero param-
eters. In this section, we focus on linear models, but sparsity can be helpful more generally. When
the number of non-zero parameters is sufficiently small, a practitioner can interpret the variables
corresponding to those parameters as being meaningfully related to the outcome in question, and
can also interpret the magnitude and direction of the parameters. However, before one can interpret
a sparse parameter set, one should check for stability of the parameters. For example, if the set of
sparse parameters changes due to small perturbations in the data set, the coefficients should not be
interpreted [73].

When the practitioner is able to correctly incorporate sparsity into their model, it can improve
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all three interpretation desiderata. By reducing the number of parameters to analyze, sparse models
can be easier to understand, yielding higher descriptive accuracy. Moreover, incorporating prior
information in the form sparsity into a sparse problem can help a model achieve higher predictive
accuracy and yield more relevant insights. Note that incorporating sparsity can often be quite
difficult, as it requires understanding the data-specific structure of the sparsity and how it can be
modelled.

Methods for obtaining sparsity often utilize a penalty on a loss function, such as LASSO [126]
and sparse coding [91], or on a model selection criteria such as AIC or BIC [3, 26]. Many search-
based methods have been developed to find sparse solutions. These methods search through the
space of non-zero coefficients using classical subset-selection methods (e.g. orthogonal matching
pursuit [94]). Model sparsity is often useful for high-dimensional problems, where the goal is to
identify key features for further analysis. As a result, sparsity penalties have been incorporated
into complex models such as random forests to identify a sparse subset of important features [6].

In the following example from genomics, sparsity is used to increase the relevancy of the
produced interpretations by reducing the number of potential interactions to a manageable level.

. Ex. Identifying interactions among regulatory factors or biomolecules is an important ques-
tion in genomics. Typical genomic datasets include thousands or even millions of features, many of
which are active in specific cellular or developmental contexts. The massive scale of such datasets
make interpretation a considerable challenge. Sparsity penalties are frequently used to make the
data manageable for statisticians and their collaborating biologists to discuss and identify promis-
ing candidates for further experiments.

For instance, one recent study [97] uses a biclustering approach based on sparse canonical cor-
relation analysis (SCCA) to identify interactions among genomic expression features in Drosophila
melanogaster (fruit flies) and Caenorhabditis elegans (roundworms). Sparsity penalties enable key
interactions among features to be summarized in heatmaps which contain few enough variables for
a human to analyze. Moreover, this study performs stability analysis on their model, finding it to
be robust to different initializations and perturbations to hyperparameters.

5.2 Simulatability
A model is said to be simulatable if a human (for whom the interpretation is intended) is able to
internally simulate and reason about its entire decision-making process (i.e. how a trained model
produces an output for an arbitrary input). This is a very strong constraint to place on a model, and
can generally only be done when the number of features is low, and the underlying relationship
is simple. Decision trees [23] are often cited as a simulatable model, due to their hierarchical
decision-making process. Another example is lists of rules [41, 70], which can easily be simulated.
Due to their simplicity, simulatable models have very high descriptive accuracy. When they can
also provide reasonable predictive accuracy, they can be very effective. In the following example,
a novel simulatable model is able to produce high predictive accuracy, while maintaining the high
levels of descriptive accuracy and relevancy normally attained by rules-based models.
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. Ex. In medical practice, when a patient has been diagnosed with atrial fibrillation, caregivers
often want to predict the risk that the particular patient will have a stroke in the next year. Moreover,
given the potential ramifications of medical decisions, it is important that these predictions are not
only accurate, but interpretable to both the caregivers and patients.

To make the prediction, [70] uses data from 12,586 patients detailing their age, gender, history
of drugs and conditions preceding their diagnosis, and whether they had a stroke within a year of
diagnosis. In order to construct a model that has high predictive and descriptive accuracy, [70]
introduce a method for learning lists of if-then rules that are predictive of one year stroke risk.
The resulting classifier, displayed in Figure 5.1, requires only seven if-then statements to achieve
competitive accuracy, and is easy for even non-technical practitioners to quickly understand.

if hemiplegia and age > 60 then stroke risk 58.9% (53.8%–63.8%)
else if cerebrovascular disorder then stroke risk 47.8% (44.8%–50.7%)
else if transient ischaemic attack then stroke risk 23.8% (19.5%–28.4%) 
else if occlusion and stenosis of carotid artery without infarction then stroke 
risk 15.8% (12.2%–19.6%)
else if altered state of consciousness and age > 60 then stroke risk 16.0% 
(12.2%–20.2%)
else if age ≤ 70 then stroke risk 4.6% (3.9%–5.4%)
else stroke risk 8.7% (7.9%–9.6%) 

Figure 5.1: Rule list for classifying stroke risk from patient data (replicated Fig 3 from [70], with
permission from the authors). One can easily simulate and understand the relationships between
different variables such as age on stroke risk. These rules come in to effect following diagnosis of
atrial fibrillation.

5.3 Modularity
We define an ML model to be modular if a meaningful portion(s) of its prediction-making process
can be interpreted independently. While modular models are not as easy to understand as sparse or
simulatable models, they can still be useful in increasing descriptive accuracy to provide insights
into the relationships the model has learned.

A wide array of models satisfy modularity to different degrees. Generalized additive models
[51] force the relationship between variables in the model to be additive. In deep learning, specific
methods such as attention [61] and modular network architectures [8] provide limited insight into
a network’s inner workings. Probabilistic models can enforce modularity by specifying a con-
ditional independence structure which makes it easier to reason about different parts of a model
independently [66].
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The following example uses modularity to produce relevant interpretations for use in diagnos-
ing biases in training data.

. Ex. When prioritizing patient care for pneumonia patients in a hospital, one possible method
is to predict the likelihood of death within 60 days, and focus on the patients with a higher mor-
tality risk. Given the potential life and death consequences, being able to explain the reasons for
hospitalizing a patient or not is very important.

A recent study [29] uses a dataset of 14,199 pneumonia patients, with 46 features including
from demographics (e.g. age and gender), simple physical measurements (e.g. heart rate, blood
pressure) and lab tests (e.g. white blood cell count, blood urea nitrogen). To predict mortality risk,
they use a generalized additive model with pairwise interactions, displayed below. The univariate
and pairwise terms (fj(xj) and fij(xi, xj)) can be individually interpreted in the form of curves
and heatmaps respectively.

g(E[y]) = β0 +
∑
j

fj(xj) +
∑
i 6=j

fij(xi, xj) (5.1)

By inspecting the individual modules, the researchers found a number of counterintuitive prop-
erties of their model. For instance, the fitted model learned that having asthma is associated with
a lower risk of dying from pneumonia. In reality, the opposite is true - patients with asthma are
known to have a higher risk of death from pneumonia. Because of this, in the collected data all
patients with asthma received aggressive care, which was fortunately effective at reducing their
risk of mortality relative to the general population.

In this instance, if the model were used without having been interpreted, pneumonia patients
with asthma would have have been de-prioritized for hospitalization. Consequently, the use of ML
would increase their likelihood of dying. Fortunately, the use of an interpretable model enabled
the researchers to identify and correct errors like this one, better ensuring that the model could be
trusted in the real world.

5.4 Domain-based feature engineering
While the type of model is important in producing a useful interpretation, so are the features that
are used as inputs to the model. Having more informative features makes the relationship that
needs to be learned by the model simpler, allowing one to use other model-based interpretability
methods. Moreover, when the features have more meaning to a particular audience, they become
easier to interpret.

In many individual domains, expert knowledge can be useful in constructing feature sets that
are useful for building predictive models. The particular algorithms used to extract features are
generally domain-specific, relying both on the practitioner’s existing domain expertise and insights
drawn from the data through exploratory data analysis. For example, in natural language process-
ing, documents are embedded into vectors using tf-idf [100] and in computer vision mathematical
transformations have been developed to produce useful representations of images [33]. In the ex-
ample below, domain knowledge about cloud coverage is exploited to design three simple features
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that increase the predictive accuracy of a model while maintaining the high descriptive accuracy
of a simple predictive model.

. Ex. When modelling global climate patterns, an important quantity is the amount and loca-
tion of arctic cloud coverage. Due to the complex, layered nature of climate models, it is beneficial
to have simple, easily auditable, cloud coverage models for use by down-stream climate scientists.

In [112], the authors use an unlabeled dataset of arctic satellite imagery to build a model pre-
dicting whether each pixel in an image contains clouds or not. Given the qualitative similarity
between ice and clouds, this is a challenging prediction problem. By conducting exploratory data
analysis and utilizing domain knowledge through interactions with climate scientists, the authors
identify three simple features that are sufficient to cluster whether or not images contain clouds.
Using these three features as input to quadratic discriminant analysis, they achieve both high pre-
dictive accuracy and transparency when compared with expert labels (which were not used in
developing the features and the QDA clustering method).

5.5 Model-based feature engineering
There are a variety of automatic approaches for constructing interpretable features. Two examples
are unsupervised learning and dimensionality reduction. Unsupervised methods, such as cluster-
ing, matrix factorization, and dictionary learning, aim to process unlabelled data and output a de-
scription of their structure. These structures often shed insight into relationships contained within
the data and can be useful in building predictive models. Dimensionality reduction focuses on find-
ing a representation of the data which is lower-dimensional than the original data. Methods such
as principal components analysis [57], independent components analysis [17], and canonical cor-
relation analysis [54] can often identify a few interpretable dimensions, which can then be used as
input to a model or to provide insights in their own right. Using fewer inputs can not only improve
descriptive accuracy, but can increase predictive accuracy by reducing the number of parameters
to fit. In the following example, unsupervised learning (non-negative matrix factorization) is used
to represent images in a low-dimensional, genetically meaningful, space.

. Ex. Heterogeneity is an important consideration in genomic problems and associated data.
In many cases, regulatory factors or biomolecules can play a specific role in one context, such as a
particular cell type or developmental stage, and have a very different role in other contexts. Thus,
it is important to understand the “local” behavior of regulatory factors or biomolecules.

A recent study [135], uses unsupervised learning to learn spatial patterns of gene expression
in Drosophila (fruit fly) embryos. In particular, they use stability driven nonnegative matrix fac-
torization to decompose images of complex spatial gene expression patterns into a library of 21
“principal patterns”, which can be viewed as pre-organ regions This decomposition, which is in-
terpretable to biologists, allows the study of gene-gene interactions in pre-organ regions of the
developing embryo.
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Chapter 6

Post hoc interpretability

We now discuss how interpretability considerations come into play in the post hoc analysis stage
of the data-science life cycle. At this stage, the practitioner analyzes a trained model in order to
provide insights into the learned relationships. This is particularly challenging when the model’s
parameters do not clearly show what relationships the model has learned. To aid in this process,
a variety of post hoc interpretability methods have been developed to provide insight into what a
trained model has learned, without changing the underlying model. These methods are particularly
important for settings where the collected data is high-dimensional and complex, such as with
image data. Once the information has been extracted from the fitted model, it can be analyzed
using standard, exploratory data analysis techniques, such as scatter plots and histograms.

When conducting post hoc analysis, the model has already been trained, so its predictive ac-
curacy is fixed. Thus, under the PDR framework, a researcher must only consider descriptive
accuracy and relevancy (relative to a particular audience). Improving on each of these criteria are
areas of active research.

Most widely useful post hoc interpretation methods fall into two main categories: prediction-
level and dataset-level interpretations, which are sometimes referred to as local and global in-
terpretations, respectively. Prediction-level interpretation methods focus on explaining individual
predictions made by models, such as what features and/or interactions led to the particular pre-
diction. Dataset-level approaches focus on the global relationships the model has learned, such as
what visual patterns are associated with a predicted response. These two categories have much in
common (in fact, dataset-level approaches often yield information at the prediction-level), but we
discuss them separately, as methods at different levels are meaningfully different.

6.1 Dataset-level interpretation
When a practitioner is interested in more general relationships learned by a model, e.g. relation-
ships that are relevant for a particular class of responses or subpopulation, they use dataset-level
interpretations.
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Interaction and feature importances
Feature importance scores, at the dataset-level, try to capture how much individual features con-
tribute, across a dataset, to a prediction. These scores can provide insights into what features the
model has identified as important for which outcomes, and their relative importance. Methods
have been developed to score individual features in many models including neural networks [90],
random forests, [21, 121], and generic classifiers [5].

In addition to feature importances, methods have been developed to extract important interac-
tions between features. Interactions are important as ML models are often highly nonlinear and
learn complex interactions between features. Methods exist to extract interactions from a variety
of ML models including random forests [16, 67] and neural networks [127, 1]. In the following ex-
ample, the descriptive accuracy of random forests is increased by extracting Boolean interactions
(a problem-relevant form of interpretation) from a trained model.

. Ex. High-order interactions among regulatory factors or genes play an important role in
defining cell-type specific behavior in biological systems. As a result, extracting such interactions
from genomic data is an important problem in biology.

A previous line of work considers the problem of searching for biological interactions associ-
ated with important biological processes [16, 67]. To identify candidate biological interactions, the
authors train a series of iteratively re-weighted RFs and search for stable combinations of features
that frequently co-occur along the predictive RF decision paths. This approach takes a step beyond
evaluating the importance of individual features in an RF, providing a more complete description
of how features influence predicted responses. By interpreting the interactions used in RFs, the
researchers identified gene-gene interactions with 80% accuracy in the Drosophila embryo and
identify candidate targets for higher-order interactions.

Statistical feature importances
In some instances, in addition to the raw value, we can compute statistical measures of confidence
as feature importance scores, a standard technique taught in introductory statistics classes. By
making assumptions about the underlying data generating process, models like linear and logistic
regression can compute confidence intervals and hypothesis tests for the values, and linear com-
binations, of their coefficients. These statistics can be helpful in determining the degree to which
the observed coefficients are statistically significant. It is important to note that the assumptions of
the underlying probabilistic model must be fully verified before using this form of interpretation.
Below we present a cautionary example where different assumptions lead to opposing conclusions
being drawn from the same dataset.

. Ex. Here, we consider the lawsuit Students for Fair Admissions, Inc. v. Harvard regarding
the use of race in undergraduate admissions to Harvard University. Initial reports by Harvard’s
Office of Institutional Research used logistic regression to model the probability of admission
using different features of an applicant’s profile, including their race [88]. This analysis found that
the coefficient associated with being Asian (and not low income) had a coefficient of -0.418 with a
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significant p-value (¡0.001). This negative coefficient suggested that being Asian had a significant
negative association with admission probability.

Subsequent analysis from both sides in the lawsuit attempted to analyze the modeling and
assumptions to decide on the significance of race in the model’s decision. The plaintiff’s expert
report [10] suggested that race was being unfairly used by building on the original report from
Harvard’s Office of Institutional Research. It also incorporates analysis on more subjective factors
such as “personal ratings” which seem to hurt Asian students’ admission. In contrast, the expert
report supporting Harvard University [27] finds that by accounting for certain other variables, the
effect of race on Asian students acceptance is no longer significant. Significances derived from
statistical tests in regression or logistic regression models at best establish association, but not
causation. Hence the analyses from both sides are flawed. This example demonstrates the practical
and misleading consequences of statistical feature importances when used inappropriately.

Visualizations
When dealing with high-dimensional datasets, it can be challenging to quickly understand the
complex relationships that a model has learned, making the presentation of the results particularly
important. To help deal with this, researchers have developed a number of different visualiza-
tions which help to understand what a model has learned. For linear models with regularization,
plots of regression coefficient paths show how varying a regularization parameter affects the fit-
ted coefficients. When visualizing convolutional neural networks trained on image data, work has
been done on visualizing filters [140, 89], maximally activating responses of individual neurons or
classes [83], understanding intra-class variation [131], and grouping different neurons [141]. For
Long Short Term Memory Networks (LSTMs), researchers have focused on analyzing the state
vector, identifying individual dimensions that correspond to meaningful features (e.g. position in
line, within quotes) [59], and building tools to track the model’s decision process over the course
of a sequence [120].

In the following example, relevant interpretations are produced by using maximal activation
images for identifying patterns that drive the response of brain cells.

. Ex. A recent study visualizes learned information from deep neural networks to understand
individual brain cells [2]. In this study, macaque monkeys were shown images while the responses
of brain cells in their visual system (area V4) were recorded. Neural networks were trained to
predict the responses of brain cells to the images. These neural networks produce accurate fits,
but provide little insight into what patterns in the images increase the brain cells response without
further analysis. To remedy this, the authors introduce DeepTune, a method which provides a vi-
sualization, accessible to neuroscientists and others, of the patterns which activate a brain cell. The
main intuition behind the method is to optimize the input of a network to maximize the response
of a neural network model (which represent a brain cell).

The authors go on to analyze the major problem of instability. When post hoc visualizations
attempt to answer scientific questions, the visualizations must be stable to reasonable perturbations
(e.g. the choice of model); if there are changes in the visualization due to the choice of a model, it
is likely not meaningful. The authors address this explicitly by fitting eighteen different models to
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the data and using a stable optimization over all the models to produce a final consensus DeepTune
visualization.

Analyzing trends and outliers in predictions
When interpreting the performance of an ML model, it can be helpful to look not just at the average
accuracy, but also at the distribution of predictions and errors. For example, residual plots can
identify heterogeneity in predictions, and suggest particular data points to analyze, such as outliers
in the predictions, or examples which had the largest prediction errors. Moreover, these plots
be used to analyze trends across the predictions. For instance, in the example below, influence
functions are able to efficiently identify mislabelled data points.

. Ex. This kind of analysis can also be used to identify mislabeled training data. A recently in-
troduced method [65] uses the classical statistical concept of influence functions to identify points
in the training data which contribute to predictions made by ML models. By searching for training
data points which contribute the most amount to individual predictions, they were able to find mis-
labelled data points without having to look at too much data. Correcting these mislabeled training
points subsequently improved the test accuracy.

6.2 Prediction-level interpretation
Prediction-level approaches are useful when a practitioner is interested in understanding how indi-
vidual predictions are made by a model. Note that prediction-level approaches can sometimes be
aggregated to yield dataset-level insights.

Feature importance scores
The most popular approach to prediction-level interpretation has involved assigning importance
scores to individual features. Intuitively, a variable with a large positive (negative) score made a
highly positive (negative) contribution to a particular prediction. In the deep learning literature, a
number of different approaches have been proposed to address this problem [119, 122, 111, 12,
117, 114, 86, 32, 103, 143], with some methods for other models as well [77]. These are often
displayed in the form of a heat map highlighting important features. Note that feature importance
scores at the prediction-level can offer much more information than feature importance scores at
the dataset-level. This is a result of heterogeneity in a nonlinear model: the importance of a feature
can vary for different examples as a result of interactions with other features. In the following
example, feature importance scores are used to increase the descriptive accuracy of black-box
models in order to validate their fairness.

. Ex. When using ML models to predict sensitive outcomes, such as whether a person should
receive a loan or a criminal sentence, it is important to verify that the algorithm is not discrimi-
nating against people based on protected attributes, such as race or gender. This problem is often
described as ensuring ML models are “fair”. In [34], the authors introduce a variable importance
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Figure 6.1: Importance of different predictors in predicting the likelihood of arrest for a particular
person. Reprinted with permission from the authors.

measure designed to isolate the contributions of individual variables, such as gender, among a set
of correlated variables.

Based on these variable importance scores, the authors construct transparency reports, such as
the one displayed in Figure 6.1. This figure displays the importance of features used to predict that
”Mr. Z” is likely to be arrested in the future (an outcome which is often used in predictive policing),
with each bar corresponding to a feature provided to the classifier, and the y axis displaying the
importance score for that feature. In this instance, the race feature is the largest value, indicating
that the classifier is indeed discriminating based on race. Thus, in this instance, prediction-level
feature importance scores are able to identify that a model is unfairly discriminating based on race.

Alternatives to feature importances
While feature importance scores can provide useful insights, they also have a number of limita-
tions. For instance, they are unable to capture when algorithms learn interactions between vari-
ables. There is currently an evolving body of work centered around uncovering and addressing
these limitations. These methods focus on explicitly capturing and displaying the interactions
learned by a neural network [85, 116], alternative forms of interpretations such as textual explana-
tions [105], identifying influential data points [65], and analyzing nearest neighbors [28, 92].
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Chapter 7

Future work

Having introduced the PDR framework for defining and discussing interpretable machine learn-
ing, we now leverage it to frame what we feel are the field’s most important challenges moving
forward. Below, we present open problems tied to each of the part’s three main chapters: interpreta-
tion desiderata (Chapter 4), model-based interpretability (Chapter 5), and post hoc interpretability
(Chapter 6).

7.1 Measuring interpretation desiderata
Currently, there is no clear consensus in the community around how to evaluate interpretation
methods, although some recent work has begun to address it [36, 74, 43]. As a result, the standard
of evaluation varies considerably across different work, making it challenging both for researchers
in the field to measure progress, and for prospective users to select suitable methods. Within
the PDR framework, to constitute an improvement, a new interpretation method must improve
at least one desideratum (predictive accuracy, descriptive accuracy, or relevancy) without unduly
harming the others. While improvements in predictive accuracy are easy to measure, measuring
improvements in descriptive accuracy and relevancy remains a challenge. Less important areas for
improvement include computational cost and ease of implementation.

Measuring descriptive accuracy
One way to measure an improvement to an interpretation method is to demonstrate that its output
better captures what the ML model has learned, i.e. its descriptive accuracy. However, unlike
predictive accuracy, descriptive accuracy is generally very challenging to measure or quantify. As
a fall-back, researchers often show individual, cherry-picked, interpretations which seem “reason-
able”. These kinds of evaluations are limited and unfalsifiable. In particular, these results are
limited to the few examples shown, and not generally applicable to the entire dataset.

While the community has not settled on a standard evaluation protocol, there are some promis-
ing directions. In particular, the use of simulation studies presents a partial solution. In this setting,
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a researcher defines a simple generative process, generates a large amount of data from that pro-
cess, and trains their ML model on that data. Assuming a proper simulation setup, a sufficiently
powerful model to recover the generative process, and sufficiently large training data, the trained
model should achieve near-perfect generalization accuracy. To compute an evaluation metric, they
can then check whether their interpretations recover aspects of the original generative process.
For example, [127, 128] train neural networks on a suite of generative models with certain built-
in interactions, and test whether their method successfully recovers them. Here, due to the ML
model’s near-perfect generalization accuracy, we know that the model is likely to have recovered
some aspects of the generative process, thus providing a ground truth against which to evaluate
interpretations. In a related approach, when an underlying scientific problem has been previously
studied, prior experimental findings can serve as a partial ground truth to retrospectively validate
interpretations [16].

Demonstrating relevancy to real-world problems
Another angle for developing improved interpretation methods is to improve the relevancy of in-
terpretations for some audience or problem. This is normally done by introducing a novel form
of output, such as feature heatmaps [122], rationales [69], feature hierarchies [116] or identifying
important elements in the training set [65]. A common pitfall in the current literature is to focus
exclusively on the novel output, ignoring what real-world problems it can actually solve. Given
the abundance of possible interpretations, it is particularly easy for researchers to propose novel
methods which do not actually solve any real-world problems.

There have been two dominant approaches for demonstrating improved relevancy. The first,
and strongest, is to directly use the introduced method in solving a domain problem. For instance,
in one example discussed above [16], the authors evaluated a new interpretation method (iterative
random forests) by demonstrating that it could be used to identify meaningful biological Boolean
interactions for use in experiments. In instances like this, where the interpretations are used di-
rectly to solve a domain problem, their relevancy is indisputable. A second, less direct, approach
is the use of human studies, often through services like Amazon’s Mechanical Turk. Here, humans
are asked to perform certain tasks, such as evaluating how much they trust a model’s predictions
[116]. While challenging to properly construct and perform, these studies are vital to demonstrate
that new interpretation methods are, in fact, relevant to any potential practitioners. However, one
shortcoming of this approach is that it is only possible to use a general audience of AMT crowd-
sourced workers, rather than a more relevant, domain-specific audience.

7.2 Model-based
Now that we have discussed the general problem of evaluating interpretations, we highlight im-
portant challenges for the two main sub-fields of interpretable machine learning: model-based and
post hoc interpretability. Whenever model-based interpretability can achieve reasonable predictive
accuracy and relevancy, by virtue of its high descriptive accuracy it is preferable to fitting a more
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complex model, and relying upon post hoc interpretability. Thus, the main focus for model-based
interpretability is increasing its range of possible use cases by increasing its predictive accuracy
through more accurate models and transparent feature engineering. It is worth noting that some-
times a combination of model-based and post hoc interpretations is ideal.

Building accurate and interpretable models
In many instances, model-based interpretability methods fail to achieve a reasonable predictive
accuracy. In these cases, practitioners are forced to abandon model-based interpretations in search
of more accurate models. Thus, an effective way of increasing the potential uses for model-based
interpretability is to devise new modeling methods which produce higher predictive accuracy while
maintaining their high descriptive accuracy and relevance. Promising examples of this work in-
clude the previously discussed examples on estimating pneumonia risk from patient data [29] and
Bayesian models for generating rule lists to estimate a patient’s risk of stroke [70]. Detailed direc-
tions for this work are suggested in [108].

Tools for feature engineering
When we have more informative and meaningful features, we can use simpler modeling methods
to achieve a comparable predictive accuracy. Thus, methods that can produce more useful features
broaden the potential uses of model-based interpretations. The first main category of work lies
in improved tools for exploratory data analysis. By better enabling researchers to interact with
and understand their data, these tools (combined with domain knowledge) provide increased op-
portunities for them to identify helpful features. Examples include interactive environments [64,
96, 107], tools for visualization [15, 133, 130], and data exploration tools [79, 134]. The second
category falls under unsupervised learning, which is often used as a tool for automatically finding
relevant structure in data. Improvements in unsupervised techniques such as clustering and matrix
factorization could lead to more useful features.

7.3 Post hoc
In contrast to model-based interpretability, much of post hoc interpretability is relatively new, with
many foundational concepts still unclear. In particular, we feel that two of the most important
questions to be answered are what an interpretation of an ML model should look like, and how
post hoc interpretations can be used. One of the most promising potential uses of post hoc inter-
pretations is to increase the predictive accuracy of a model. In related work, it has been pointed out
that in high stakes decisions practitioners should be very careful when applying post hoc methods
with unknown descriptive accuracy [108].
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What should an interpretation of a black-box look like
Given a black-box predictor and real-world problem, it is generally unclear what format, or combi-
nation of formats, is best to fully capture a model’s behavior. Researchers have proposed a variety
of interpretation forms, including feature heatmaps [122], feature hierarchies [116] and identifying
important elements in the training set [65]. However, in all instances there is a gap between the
relatively simple information provided by these interpretations and what the complex model has
actually learned. Moreover, it is unclear if any of the current interpretation forms can fully cap-
ture a model’s behaviour, or if a new format altogether is needed. How to close that gap, while
producing outputs relevant to a particular audience/problem, is an open problem.

Using interpretations to improve predictive accuracy
In some instances, post hoc interpretations uncover that a model has learned relationships a practi-
tioner knows to be incorrect. For instance, prior interpretation work has shown that a binary husky
vs. wolf classifier simply learns to identify whether there is snow in the image, ignoring the an-
imals themselves [103]. A natural question to ask is whether it is possible for the practitioner to
correct these relationships learned by the model, and consequently increase its predictive accuracy.
Given the challenges surrounding simply generating post hoc interpretations, research on their uses
has been limited [106, 139]. However, as the field of post hoc interpretations continues to mature,
this could be an exciting avenue for researchers to increase the predictive accuracy of their models
by exploiting prior knowledge, independently of any other benefits of interpretations.
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Part II

Extracting word importance scores from
LSTMs
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Chapter 8

Word Importance Scores in LSTMs

Neural network language models, especially recurrent neural networks (RNN), are now standard
tools for natural language processing. Amongst other things, they are used for translation [123],
language modelling [58], and question answering [52]. In particular, the Long Short Term Memory
(LSTM) [53] architecture has become a basic building block of neural NLP. Although LSTM’s are
regularly used in state of the art systems, their operation is not well understood. Besides the basic
desire from a scientific viewpoint to clarify their workings, it is often the case that it is important
to understand why a machine learning algorithm made a particular choice. Moreover, LSTM’s are
computationally intensive compared to discrete models with lookup tables and pattern matching.

In this part, we describe a novel method for visualizing the importance of specific inputs for
determining the output of an LSTM. We then demonstrate that, by searching for phrases which
are consistently important, the importance scores can be used to extract simple phrase patterns
consisting of one to five words from a trained LSTM. The phrase extraction is first done in a
general document classification framework on two different sentiment analysis datasets. We then
demonstrate that it can also be specialized to more complex models by applying it to WikiMovies,
a recently introduced question answer dataset. To concretely validate the extracted patterns, we
use them as input to a rules-based classifier which approximates the performance of the original
LSTM.

8.1 Related Work
There are two lines of related work on visualizing LSTMs. First, [120] and [59] analyse the
movement of the raw gate activations over a sequence. [59] is able to identify co-ordinates of ct
that correspond to semantically meaningful attributes such as whether the text is in quotes and how
far along the sentence a word is. However, most of the cell co-ordinates are harder to interpret, and
in particular, it is often not obvious from their activations which inputs are important for specific
outputs.

Another approach that has emerged in the literature [4] [35] [14] is for each word in the doc-
ument, looking at the norm of the derivative of the loss function with respect to the embedding
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parameters for that word. This bridges the gap between high-dimensional cell state and low-
dimensional outputs. These techniques are general- they are applicable to visualizing the impor-
tance of sets of input coordinates to output coordinates of any differentiable function. In this work,
we describe techniques that are designed around the structure of LSTM’s, and show that they can
give better results in that setting.

A recent line of work [72] [52] [99] [81] has focused on neural network techniques for extract-
ing answers directly from documents. Previous work had focused on Knowledge Bases (KBs), and
techniques to map questions to logical forms suitable for querying them. Although they are effec-
tive within their domain, KBs are inevitably incomplete, and are thus an unsatisfactory solution
to the general problem of question-answering. Wikipedia, in contrast, has enough information to
answer a far broader array of questions, but is not as easy to query. Originally introduced in [81],
the WikiMovies dataset consists of questions about movies paired with Wikipedia articles.

We now present a novel decomposition of the output of an LSTM into a product of factors,
where each term in the product can be interpreted as the contribution of a particular word. Thus,
we can assign importance scores to words according to their contribution to the LSTM’s prediction

8.2 Decomposing the Output of a LSTM
We now show that we can decompose the numerator of pi in Equation 1.1 into a product of factors,
and interpret those factors as the contribution of individual words to the predicted probability of
class i. Define

βi,j = exp (Wi(oT � (tanh(cj)− tanh(cj−1))) , (8.1)

so that

exp(WihT ) = exp

(
T∑
j=1

Wi(oT � (tanh(cj)− tanh(cj−1))

)
=

T∏
j=1

βi,j.

As tanh(cj) − tanh(cj−1) can be viewed as the update resulting from word j, so βi,j can be
interpreted as the multiplicative contribution to pi by word j.

8.3 An Additive Decomposition of the LSTM cell
We will show below that the βi,j capture some notion of the importance of a word to the LSTM’s
output. However, these terms fail to account for how the information contributed by word j is
affected by the LSTM’s forget gates between words j and T . Consequently, we empirically found
that the importance scores from this approach often yield a considerable amount of false positives.
A more nuanced approach is obtained by considering the additive decomposition of cT in equation
(8.2), where each term ej can be interpreted as the contribution to the cell state cT by word j. By
iterating the equation ct = ftct−1 + itc̃t, we get that

cT =
T∑
i=1

(
T∏

j=i+1

fj)iic̃i =
T∑
i=1

ei,T (8.2)
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This suggests a natural definition of an alternative score to the βi,j , corresponding to augmenting
the cj terms with products of forget gates to reflect the upstream changes made to cj after initially
processing word j.

exp(WihT ) =
T∏
j=1

exp

(
Wi(oT � (tanh(

j∑
k=1

ek,T )− tanh(

j−1∑
k=1

ek,T )))

)
(8.3)

=
T∏
j=1

exp

(
Wi(oT � (tanh((

T∏
k=j+1

fk)cj)− tanh((
T∏
k=j

fk)cj−1)))

)
(8.4)

=
T∏
j=1

γi,j (8.5)

8.4 Phrase Extraction
We now introduce a technique for using our variable importance scores to extract phrases from
a trained LSTM. To do so, we search for phrases which consistently provide a large contribution
to the prediction of a particular class relative to other classes. The utility of these patterns is
validated by using them as input for a rules based classifier. For simplicity, we focus on the binary
classification case.

A phrase can be reasonably described as predictive if, whenever it occurs, it causes a document
to both be labelled as a particular class, and not be labelled as any other. As our importance scores
introduced above correspond to the contribution of particular words to class predictions, they can
be used to score potential patterns by looking at a pattern’s average contribution to the prediction
of a given class relative to other classes. More precisely, given a collection of D documents
{{xi,j}Nd

i=1}Dj=1, for a given phrase w1, ..., wk we can compute scores S1, S2 for classes 1 and 2, as
well as a combined score S and class C as

S1(w1, ..., wk) =
Averagej,b

{∏k
l=1 β1,b+l,j|xb+i,j = wi, i = 1, ..., k

}
Averagej,b

{∏k
l=1 β2,b+l,j|xb+i,j = wi, i = 1, ..., k

} (8.6)

S2(w1, .., wk) =
1

S1(w1, ..., wk)
(8.7)

S(w1, ..., wk) = max
i

(Si(w1, ..., wk)) (8.8)

C(w1, ..., wk) = argmaxi(Si(w1, ..., wk)) (8.9)

where βi,j,k denotes βi,j applied to document k.
The numerator of S1 denotes the average contribution of the phrase to the prediction of class 1

across all occurrences of the phrase. The denominator denotes the same statistic, but for class 2.
Thus, if S1 is high, then w1, ..., wk is a strong signal for class 1, and likewise for S2. We propose to
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use S as a score function in order to search for high scoring, representative, phrases which provide
insight into the trained LSTM, and C to denote the class corresponding to a phrase.

In practice, the number of phrases is too large to feasibly compute the score of them all. Thus,
we approximate a brute force search through a two step procedure. First, we construct a list of
candidate phrases by searching for strings of consecutive words j with importance scores βi,j > c
for any i and some threshold c; in the experiments below we use c = 1.1. Then, we score and rank
the set of candidate phrases, which is much smaller than the set of all phrases.

8.5 Rules based classifier
The extracted patterns from Chapter 8.4 can be used to construct a simple, rules-based classifier
which approximates the output of the original LSTM. Given a document and a list of patterns sorted
by descending score given by S, the classifier sequentially searches for each pattern within the
document using simple string matching. Once it finds a pattern, the classifier returns the associated
class given by C, ignoring the lower ranked patterns. The resulting classifier is interpretable, and
despite its simplicity, retains much of the accuracy of the LSTM used to build it.
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Chapter 9

Experiments

We now present the results of our experiments.

9.1 Training Details
We implemented all models in Torch using default hyperparameters for weight initializations. For
WikiMovies, all documents and questions were pre-processed so that multiple word entities were
concatenated into a single word. For a given question, relevant articles were found by first extract-
ing from the question the rarest entity, then returning a list of Wikipedia articles containing any of
those words. We use the pre-defined splits into train, validation and test sets, containing 96k, 10k
and 10k questions, respectively. The word and hidden representations of the LSTM were both set
to dimension 200 for WikiMovies, 300 and 512 for Yelp, and 300 and 150 for Stanford Sentiment
Treebank. All models were optimized using Adam [63] with the default learning rate of 0.001
using early stopping on the validation set. For rule extraction using gradient scores, the product in
the reward function is replaced by a sum. In both datasets, we found that normalizing the gradient
scores by the largest gradient improved results.

9.2 Sentiment Analysis
We first applied the document classification framework to two different sentiment analysis datasets.
Originally introduced in [142], the Yelp review polarity dataset was obtained from the Yelp Dataset
Challenge and has train and test sets of size 560,000 and 38,000. The task is binary prediction for
whether the review is positive (four or five stars) or negative (one or two stars). The reviews are
relatively long, with an average length of 160.1 words. We also used the binary classification task
from the Stanford Sentiment Treebank (SST) [118], which has less data with train/dev/test sizes of
6920/872/1821, and is done at a sentence level, so has much shorter document lengths.

We report results in Table 9.1 for seven different models. We report state of the art results from
prior work using convolutional neural networks; [62] for SST and [142] for Yelp. We also report
our LSTM baselines, which are competitive with state of the art, along with the three different
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Model Yelp Polarity Stanford Sentiment
Treebank

Large word2vec CNN
[142]

95.4 -

CNN-multichannel
[62]

- 88.1

Naive Bayes [118] - 82.6
LSTM 95.3 87.3
Cell Decomposition
Pattern Matching

86.5 76.2

Cell-Difference Pat-
tern Matching

81.2 77.4

Gradient Pattern
Matching

65.0 68.0

Table 9.1: Test accuracy for rule extraction and supervised algorithms on sentiment analysis. See
Chapter 9.2 for further descriptions of the models.

pattern matching models described above. For SST, we also report prior results using bag of words
features with Naive Bayes.

The additive cell decomposition pattern equals or outperforms the cell-difference patterns,
which handily beat the gradient results. This coincides with our empirical observations regarding
the information contained within the importance measures, and validates our introduced measure.
The differences between measures become more pronounced in Yelp, as the longer document sizes
provide more opportunities for false positives.

Although our pattern matching algorithms underperform other methods, we emphasize that
pure performance is not our goal, nor would we expect more from such a simple model. Rather,
the fact that our method provides reasonable accuracy is one piece of evidence, in addition to the
qualitative evidence given later, that our word importance scores and extracted patterns contain
useful information for understanding the actions of a LSTM.

9.3 WikiMovies
Although document classification comprises a sizeable portion of current research in natural lan-
guage processing, much recent work focuses on more complex problems and models. In this
section, we examine WikiMovies, a recently introduced question answer dataset, and show that
with some simple modifications our approach can be adapted to this problem.
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Dataset
WikiMovies is a dataset consisting of more than 100,000 questions about movies, paired with rel-
evant Wikipedia articles. It was constructed using the pre-existing dataset MovieLens, paired with
templates extracted from the SimpleQuestions dataset [18], a open-domain question answering
dataset based on Freebase. They then selected a set of Wikipedia articles about movies by identi-
fying a set of movies from OMDb that had an associated article by title match, and kept the title
and first section for each article.

For a given question, the task is to read through the relevant articles and extract the answer,
which is contained somewhere within the text. The dataset also provides a list of 43k entities
containing all possible answers.

LSTMs for WikiMovies
We propose a simplified version of recent work [72]. Given a pair of question xq1, ..., x

q
N and doc-

ument xd1, ..., x
d
T , we first compute an embedding for the question using a LSTM. Then, for each

word t in the document, we augment the word embedding xt with the computed question embed-
ding. This is equivalent to adding an additional term which is linear in the question embedding into
the gate equations 3-6, allowing the patterns an LSTM absorbs to be directly conditioned upon the
question at hand.

hqt = LSTM(xqt ) (9.1)

ht = LSTM(xdt ‖h
q
N) (9.2)

Having run the above model over the document while conditioning on a question, we are given
contextual representations h1, ..., hT of the words in the document. For each entity t in the docu-
ment we use pt to conduct a binary prediction for whether or not the entity is the answer. At test
time, we return the entity with the highest probability as the answer.

pt = SoftMax(Wht) (9.3)

Phrase Extraction
We now introduce some simple modifications that were useful in adapting our pattern extraction
framework to this specific task. First, in order to define the set of classifications problems to search
over, we treat each entity t within each document as a separate binary classification task with
corresponding predictor pt. Given this set of classification problems, rather than search over the
space of all possible phrases, we restrict ourselves to those ending at the entity in question. We also
distinguish patterns starting at the beginning of the document with those that do not and introduce
an entity character into our pattern vocabulary, which can be matched by any entity. Template
examples can be seen below, in Table 10.1. Once we have extracted a list of patterns, in the rules-
based classifier we only search for positive examples, and return as the answer the entity matched
to the highest ranked positive pattern.
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Model Test accuracy
KV-MemNN IE 68.3
KV-MemNN Doc 76.2
LSTM 80.1
Cell Decomposition
Pattern Matching

74.3

Cell-Difference Pat-
tern Matching

69.4

Gradient Pattern
Matching

57.4

Table 9.2: Test results for rule extraction and supervised models on WikiMovies, measured in %
hits@1. See Chapter 9.3 for further descriptions of the models.

Results
We report results on six different models in Tables 9.2 and 9.3. We show the results from [81],
which fit a key-value memory network (KV-MemNN) on representations from information extrac-
tion (IE) and raw text (Doc). Next, we report the results of the LSTM described in Chapter 9.3.
Finally, we show the results of using three variants of the pattern matching algorithm described
in Chapter 9.3: using patterns extracted using the additive decomposition (cell decomposition),
difference in cells approaches (cell-difference) and gradient importance scores (gradient), as dis-
cussed in Chapter 8.1. Performance is reported using the accuracy of the top hit over all possible
answers (all entities), i.e. the hits@1 metric.

As shown in Table 9.2, our LSTM model surpasses the prior state of the art by nearly 4%.
Moreover, our automatic pattern matching model approximates the LSTM with less than 6% error,
which is surprisingly small for such a simple model, and falls within 2% of the prior state of the
art. Similarly to sentiment analysis, we observe a clear ordering of the results across question
categories, with our cell decomposition scores providing the best performance, followed by the
cell difference and gradient scores.
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KV-MemNN
IE

KV-MemNN
Doc

LSTM Cell Decomp
RE

Cell Diff
RE

Gradient
RE

Actor to Movie 66 83 82 78 77 78
Director to Movie 78 91 84 82 84 83
Writer to Movie 72 91 88 88 89 88
Tag to Movie 35 49 49 38 38 38
Movie to Year 75 89 89 84 84 84
Movie to Writer 61 64 86 79 72 63
Movie to Actor 64 64 84 75 73 67
Movie to Director 76 79 88 86 85 45
Movie to Genre 84 86 72 65 42 21
Movie to Votes 92 92 67 67 67 67
Movie to Rating 75 92 33 25 25 25
Movie to Language 62 84 72 67 66 44
Movie to Tags 47 48 58 44 30 6

Table 9.3: Accuracy for rule extraction and supervised models broken down by question category.
See Chapter 9.3 for further descriptions of the models.
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Chapter 10

Discussion

10.1 Learned patterns
We present extracted patterns for both sentiment tasks, and some WikiMovies question categories
in Table 10.1. These patterns are qualitatively sensible, providing further validation of our ap-
proach. The increased size of the Yelp dataset allowed for longer phrases to be extracted relative
to SST.

10.2 Approximation error between LSTM and pattern
matching

Although our approach is able to extract sensible patterns and achieve reasonable performance,
there is still an approximation gap between our algorithm and the LSTM. In Table 10.2 we present
some examples of instances where the LSTM was able to correctly classify a sentence, and our
algorithm was not, along with the pattern used by our algorithm. At first glance, the extracted
patterns are sensible, as ”gets the job done” or ”witty dialogue” are phrases you’d expect to see
in a positive review of a movie. However, when placed in the broader context of these particular
reviews, they cease to be predictive. This demonstrates that, although our work is useful as a first-
order approximation, there are still additional relationships that an LSTM is able to learn from
data.

10.3 Comparison between word importance measures
While the prediction accuracy of our rules-based classifier provides quantitative validation of the
relative merits of our visualizations, the qualitative differences are also insightful. In Table 10.3,
we provide a side-by-side comparison between the different measures. As discussed before, the
difference in cells technique fails to account for how the updates resulting from word j are affected
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Category Top Patterns

Yelp Polarity Positive definitely come back again., love love love this
place, great food and great service., highly rec-
ommended!, will definitely be coming back,
overall great experience, love everything about,
hidden gem.

Yelp Polarity Negative worst customer service ever, horrible horri-
ble horrible, won’t be back, disappointed in
this place, never go back there, not worth the
money, not recommend this place

SST Positive riveting documentary, is a real charmer, funny
and touching, well worth your time, journey of
the heart, emotional wallop, pleasure to watch,
the whole family, cast is uniformly superb,
comes from the heart, best films of the year,
surprisingly funny, deeply satisfying

SST Negative pretentious mess ..., plain bad, worst film of the
year, disappointingly generic, fart jokes, ba-
nal dialogue, poorly executed, waste of time, a
weak script, dullard, how bad it is, platitudes,
never catches fire, tries too hard to be, bad act-
ing, untalented artistes, derivative horror film,
lackluster

WikiMovies movie to writer film adaptation of Charles Dickens’, film
adapted from ENT, by journalist ENT, written
by ENT

WikiMovies movie to actor western film starring ENT, starring Ben Af-
fleck, . The movie stars ENT, that stars ENT

WikiMovies movie to language is a 2014 french, icelandic, finnish, russian,
danish, bengali, dutch, original german,
zulu,czech, estonian, mandarin, filipino, hun-
garian

Table 10.1: Selected top patterns using cell decomposition scores, ENT denotes an entity place-
holder
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Sentiment Pattern Sentence

Negative gets the job
done

Still, it gets the job done — a sleepy afternoon rental

Negative is a great This is a great subject for a movie, but Hollywood has squandered
the opportunity, using is as a prop for a warmed-over melodrama
and the kind of choreographed mayhem that director John Woo
has built his career on.

Negative happy end-
ing

The story loses its bite in a last-minute happy ending that’s even
less plausible than the rest of the picture.

Negative witty dia-
logue

An often-deadly boring, strange reading of a classic whose witty
dialogue is treated with a baffling casual approach.

Positive mess The film is just a big, gorgeous, mind-blowing, breath-taking mess

Table 10.2: Examples from Stanford sentiment treebank which are correctly labelled by our LSTM
and incorrectly labelled by our rules-based classifier. The matched pattern is highlighted

by the LSTM’s forget gates between when the word is initially processed and the answer. Conse-
quently, we empirically found that without the interluding forget gates to dampen cell movements,
the variable importance scores were far noisier than in additive cell decomposition approach. Un-
der the additive cell decomposition, it identifies the phrase ’it stars’, as well as the actor’s name
Aqib Khan as being important, a sensible conclusion. Moreover, the vast majority of words are la-
belled with an importance score of 1, corresponding to irrelevant. On the other hand, the difference
in cells approach yields widely changing importance scores, which are challenging to interpret. In
terms of noise, the gradient measures seem to lie somewhere in the middle. These patterns are
broadly consistent with what we have observed, and provide qualitative validation of our metrics.

10.4 Conclusion
In this part, we introduced a novel method for visualizing the importance of specific inputs in
determining the output of an LSTM. By searching for phrases which consistently provide large
contributions, we are able to distill trained, state of the art, LSTMs into an ordered set of repre-
sentative phrases. We quantitatively validate the extracted phrases through their performance in a
simple, rules-based classifier. Results are shown in a general document classification framework,
then specialized to a more complex, recently introduced, question answer dataset. Our introduced
measures provide superior predictive ability and cleaner visualizations relative to prior work. We
believe that this represents an exciting new paradigm for analysing the behaviour of LSTM’s.
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Additive cell decomposition Difference in cell values Gradient

west is west is a 2010
british comedy - drama film
, which is a sequel to the
1999 comedy ” east is east

” . it stars aqib
khan

west is
west
is a 2010 british comedy -

drama film

, which is a sequel to the

1999 comedy ” east is east

” . it starsaqib
khan

west is west is a
2010 british com-
edy - drama film , which
is a sequel to the
1999 comedy ”
east is east ” . it
starsaqib
khan

Table 10.3: Comparison of importance scores acquired by three different approaches, conditioning
on the question ”the film west is west starred which actors?”. Bigger and darker means more
important.
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Part III

Beyond Word Importance: Contextual
Decomposition to Extract Interactions from

LSTMs
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Chapter 11

Contextual Decomposition of LSTMs

In comparison with simpler linear models, techniques from deep learning have achieved impressive
accuracy by effectively learning non-linear interactions between features. However, due to our
inability to describe the learned interactions, this improvement in accuracy has come at the cost
of state of the art predictive algorithms being commonly regarded as black-boxes. In the domain
of natural language processing (NLP), Long Short Term Memory networks (LSTMs) [53] have
become a basic building block, yielding excellent performance across a wide variety of tasks [123]
[99] [80], while remaining largely inscrutable.

In this part, we introduce contextual decomposition (CD), a novel interpretation method for
explaining individual predictions made by an LSTM without any modifications to the underlying
model. CD extracts information about not only which words contributed to a LSTM’s prediction,
but also how they were combined in order to yield the final prediction. By mathematically decom-
posing the LSTM’s output, we are able to disambiguate the contributions made at each step by
different parts of the sentence.

To validate the CD interpretations extracted from an LSTM, we evaluate on the problem of
sentiment analysis. In particular, we demonstrate that CD is capable of identifying words and
phrases of differing sentiment within a given review. CD is also used to successfully extract pos-
itive and negative negations from an LSTM, something that has not previously been done. As a
consequence of this analysis, we also show that prior interpretation methods produce scores which
have document-level information built into them in complex, unspecified ways. For instance, prior
work often identifies strongly negative phrases contained within positive reviews as neutral, or
even positive.

11.1 Related work
The most relevant prior work on interpreting LSTMs has focused on approaches for computing
word-level importance scores, with evaluation protocols varying greatly. [86] introduced a decom-
position of the LSTM’s output embedding into a sum over word coefficients, and demonstrated
that those coefficients are meaningful by using them to distill LSTMs into rules-based classifiers.



CHAPTER 11. CONTEXTUAL DECOMPOSITION OF LSTMS 45

[71] took a more black box approach, called Leave One Out, by observing the change in log
probability resulting from replacing a given word vector with a zero vector, and relied solely on
anecdotal evaluation. Finally, [122] presents a general gradient-based technique, called Integrated
Gradients, which was validated both theoretically and with empirical anecdotes. In contrast to our
proposed method, this line of work has been limited to word-based importance scores, ignoring
the interactions between variables which make LSTMs so accurate.

Another line of work [59] [120] has focused on analysing the movement of raw gate activations
over a sequence. [59] was able to identify some co-ordinates of the cell state that correspond to
semantically meaningful attributes, such as whether the text is in quotes. However, most of the cell
co-ordinates were uninterpretable, and it is not clear how these co-ordinates combine to contribute
to the actual prediction.

Decomposition-based approaches to interpretation have also been applied to convolutional neu-
ral networks (CNNs) [11] [113]. However, they have been limited to producing pixel-level impor-
tance scores, ignoring interactions between pixels, which are clearly quite important. Our approach
is similar to these in that it computes an exact decomposition, but we leverage the unique gating
structure of LSTMs in order to extract interactions.

Attention based models [13] offer another means of providing some interpretability. Such
models have been successfully applied to many problems, yielding improved performance [109]
[136]. In contrast to other word importance scores, attention is limited in that it only provides an
indirect indicator of importance, with no directionality, i.e. what class the word is important for.
Although attention weights are often cited anecdotally, they have not been evaluated, empirically
or otherwise, as an interpretation technique. As with other prior work, attention is also incapable
of describing interactions between words.

11.2 Methods
Given an arbitrary phrase contained within an input, we present a novel decomposition of the
output of an LSTM into a sum of two contributions: those resulting solely from the given phrase,
and those involving other factors. The key insight behind this decomposition is that the gating
dynamics unique to LSTMs are a vehicle for modeling interactions between variables.

We now introduce contextual decomposition, our proposed method for interpreting LSTMs.
Given an arbitrary phrase xq, ..., xr, where 1 ≤ q ≤ r ≤ T , we now decompose each output and
cell state ct, ht in Equations 1.6 and 1.7 into a sum of two contributions.

ht = βt + γt (11.1)
ct = βct + γct (11.2)

The decomposition is constructed so that βt corresponds to contributions made solely by the given
phrase to ht, and that γt corresponds to contributions involving, at least in part, elements outside
of the phrase. βct and γct represent analogous contributions to ct.

Using this decomposition for the final output state WhT in Equation 1.1 yields
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p = SoftMax(WβT +WγT ) (11.3)

HereWβT provides a quantitative score for the phrase’s contribution to the LSTM’s prediction.
As this score corresponds to the input to a logistic regression, it may be interpreted in the same
way as a standard logistic regression coefficient.

11.3 Disambiguating interactions between gates
In the cell update Equation 1.6, neuron values in each of it and gt are independently determined by
both the contribution at that step, xt, as well as prior context provided by ht−1 = βt−1+γt−1. Thus,
in computing the element-wise product it � gt, often referred to as gating, contributions made by
xt to it interact with contributions made by ht to gt, and vice versa.

We leverage this simple insight to construct our decomposition. First, assume that we have a
way of linearizing the gates and updates in Equations 1.3, 1.4, 1.5 so that we can write each of
them as a linear sum of contributions from each of their inputs.

it = σ(Wixt + Viht−1 + bi) (11.4)
= Lσ(Wixt) + Lσ(Viht−1) + Lσ(bi) (11.5)

When we use this linearization in the cell update Equation 1.6, the products between gates
become products over linear sums of contributions from different factors. Upon expanding these
products, the resulting cross-terms yield a natural interpretation as being interactions between vari-
ables. In particular, cross-terms can be assigned as to whether they resulted solely from the phrase,
e.g. Lσ(Viβt−1)� Ltanh(Vgβt−1), from some interaction between the phrase and other factors, e.g.
Lσ(Viβt−1)� Ltanh(Vgγt−1), or purely from other factors, e.g. Lσ(bi)� Ltanh(Vgγt−1).

Mirroring the recurrent nature of LSTMs, the above insights allow us to recursively compute
our decomposition, with the initializations β0 = βc0 = γ0 = γc0 = 0. We derive below the update
equations for the case where q ≤ t ≤ r, so that the current time step is contained within the phrase.
The other case is similar, and the general recursion formula is provided in Appendix B.2.

For clarity, we decompose the two products in the cell update Equation 1.6 separately. As
discussed above, we simply linearize the gates involved, expand the resulting product of sums,
and group the cross-terms according to whether or not their contributions derive solely from the
specified phrase, or otherwise. Terms are determined to derive solely from the specified phrase if
they involve products from some combination of βt−1, βct−1, xt and bi or bg (but not both). When t
is not within the phrase, products involving xt are treated as not deriving from the phrase.

ft � ct−1 =(Lσ(Wfxt) + Lσ(Vfβt−1) + Lσ(Vfγt−1) + Lσ(bf ))� (βct−1 + γct−1) (11.6)
=([Lσ(Wfxt) + Lσ(Vfβt−1) + Lσ(bf )]� βct−1) (11.7)
+ (Lσ(Vfγt−1)� βct−1 + ft � γct−1)

=βft + γft (11.8)
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it � gt =[Lσ(Wixt) + Lσ(Viβt−1) + Lσ(Viγt−1) + Lσ(bi)] (11.9)
� [Ltanh(Wgxt) + Ltanh(Vgβt−1) + Ltanh(Vgγt−1) + Ltanh(bg)]

=[Lσ(Wixt)� [Ltanh(Wgxt) + Ltanh(Vgβt−1) + Ltanh(bg)] (11.10)
+ Lσ(Viβt−1)� [Ltanh(Wgxt) + Ltanh(Vgβt−1) + Ltanh(bg)]

+ Lσ(bi)� [Ltanh(Wgxt) + Ltanh(Vgβt−1)]]

+ [Lσ(Viγt−1)� gt + it � Ltanh(Vgγt−1)− Lσ(Viγt−1)� Ltanh(Vgγt−1)

+ Lσ(bi)� Ltanh(bg)]

=βut + γut (11.11)

Having decomposed the two components of the cell update equation, we can attain our decom-
position of ct by summing the two contributions.

βct = βft + βut (11.12)

γct = γft + γut (11.13)

Once we have computed the decomposition of ct, it is relatively simple to compute the re-
sulting transformation of ht by linearizing the tanh function in 1.7. Note that we could similarly
decompose the output gate as we treated the forget gate above, but we empirically found this to not
produce improved results.

ht = ot � tanh(ct) (11.14)
= ot � [Ltanh(β

c
t ) + Ltanh(γ

c
t )] (11.15)

= ot � Ltanh(β
t
c) + ot � Ltanh(γ

c
t ) (11.16)

= βt + γt (11.17)

11.4 Linearizing Activation Functions
We now describe the linearizing functions Lσ, Ltanh used in the above decomposition. Formally,
for arbitrary {y1, ..., yN} ∈ R, where N ≤ 4, the problem is how to write

tanh(
N∑
i=1

yi) =
N∑
i=1

Ltanh(yi) (11.18)

In the cases where there is a natural ordering to {yi}, prior work [86] has used a telescoping
sum consisting of differences of partial sums as a linearization technique, which we show below.
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L′tanh(yk) = tanh(
k∑
j=1

yj)− tanh(
k−1∑
j=1

yj) (11.19)

However, in our setting {yi} contains terms such as βt−1, γt−1 and xt, which have no clear
ordering. Thus, there is no natural way to order the sum in Equation 11.19. Instead, we compute
an average over all orderings. Letting π1, ..., πMN

denote the set of all permutations of 1, ..., N , our
score is given below. Note that when πi(j) = j, the corresponding term is equal to equation 11.19.

Ltanh(yk) =
1

MN

MN∑
i=1

[tanh(

π−1
i (k)∑
j=1

yπi(j))− tanh(

π−1
i (k)−1∑
j=1

yπi(j))] (11.20)

Lσ can be analogously derived. When one of the terms in the decomposition is a bias, we saw
improvements when restricting to permutations where the bias is the first term.

As N only ranges between 2 and 4, this linearization generally takes very simple forms. For
instance, when N = 2, the contribution assigned to y1 is

Ltanh(y1) =
1

2
([tanh(y1)− tanh(0)] + [tanh(y2 + y1)− tanh(y1)]) (11.21)

This linearization was presented in a scalar context where yi ∈ R, but trivially generalizes
to the vector setting yi ∈ Rd2 . It can also be viewed as an approximation to Shapely values, as
discussed in [78] and [113].
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Chapter 12

Experiments

We now describe our empirical validation of CD on the task of sentiment analysis. First, we verify
that, on the standard problem of word-level importance scores, CD compares favorably to prior
work. Then we examine the behavior of CD for word and phrase level importance in situations
involving compositionality, showing that CD is able to capture the composition of phrases of differ-
ing sentiment. Finally, we show that CD is capable of extracting instances of positive and negative
negation.

12.1 Training Details
We first describe the process for fitting models which are used to produce interpretations. As
the primary intent of this part is not predictive accuracy, we used standard best practices without
much tuning. We implemented all models in Torch using default hyperparameters for weight
initializations. All models were optimized using Adam [63] with the default learning rate of 0.001
using early stopping on the validation set. For the linear model, we used a bag of vectors model,
where we sum pre-trained Glove vectors [95] and add an additional linear layer from the word
embedding dimension, 300, to the number of classes, 2. We fine tuned both the word vectors and
linear parameters. We will use the two data sets described below to validate our new CD method.

Stanford Sentiment Treebank
We trained an LSTM model on the binary version of the Stanford Sentiment Treebank (SST) [118],
a standard NLP benchmark which consists of movie reviews ranging from 2 to 52 words long. In
addition to review-level labels, it also provides labels for each phrase in the binarized constituency
parse tree. Following the hyperparameter choices in [125], the word and hidden representations of
our LSTM were set to 300 and 168, and word vectors were initialized to pretrained Glove vectors
[95]. Our LSTM attains 87.2% accuracy, and we also train a logistic regression model with bag of
words features, which attains 83.2% accuracy.
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Yelp Polarity
Originally introduced in [142], the Yelp review polarity dataset was obtained from the Yelp Dataset
Challenge and has train and test sets of sizes 560,000 and 38,000. The task is binary prediction
for whether the review is positive (four or five stars) or negative (one or two stars). The reviews
are relatively long, with an average length of 160.1 words. Following the guidelines from [142],
we implement an LSTM model which attains 4.6% error, and an ngram logistic regression model,
which attains 5.7% error. For computational reasons, we report interpretation results on a random
subset of sentences of length at most 40 words. When computing integrated gradient scores, we
found that numerical issues produced unusable outputs for roughly 6% of the samples. These
reviews are excluded.

Interpretation Baselines
We compare the interpretations produced by CD against four state of the art baselines: cell de-
composition [86], integrated gradients [122], leave one out [71], and gradient times input. We
refer the reader to Chapter 11.1 for descriptions of these algorithms. For our gradient baseline, we
compute the gradient of the output probability with respect to the word embeddings, and report the
dot product between the word vector and its gradient. For integrated gradients, producing reason-
able values required extended experimentation and communication with the creators regarding the
choice of baselines and scaling issues. We ultimately used sequences of periods for our baselines,
and rescaled the scores for each review by the standard deviation of the scores for that review, a
trick not previously mentioned in the literature. To obtain phrase scores for word-based baselines
integrated gradients, cell decomposition, and gradients, we sum the scores of the words contained
within the phrase.

12.2 Unigram (word) scores
Before examining the novel, phrase-level dynamics of CD, we first verify that it compares favor-
ably to prior work for the standard use case of producing unigram coefficients. When sufficiently
accurate in terms of prediction, logistic regression coefficients are generally treated as a gold stan-
dard for interpretability. In particular, when applied to sentiment analysis the ordering of words
given by their coefficient value provides a qualitatively sensible measure of importance. Thus,
when determining the validity of coefficients extracted from an LSTM, we should expect there to
be a meaningful relationship between the CD scores and logistic regression coefficients.

In order to evaluate the word-level coefficients extracted by the CD method, we construct
scatter plots with each point consisting of a single word in the validation set. The two values
plotted correspond to the coefficient from logistic regression and importance score extracted from
the LSTM. For a quantitative measure of accuracy, we use pearson correlation coefficient.

We report quantitative and qualitative results in Appendix B.1. For SST, CD and integrated gra-
dients, with correlations of 0.76 and 0.72, respectively, are substantially better than other methods,
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with correlations of at most 0.51. On Yelp, the gap is not as big, but CD is still very competitive,
having correlation 0.52 with other methods ranging from 0.34 to 0.56. Having verified reasonably
strong results in this base case, we now proceed to show the benefits of CD.

12.3 Identifying dissenting subphrases
We now show that, for phrases of at most five words, existing methods are unable to recognize
subphrases with differing sentiments. For example, consider the phrase “used to be my favorite”,
which is of negative sentiment. The word “favorite”, however, is strongly positive, having a logis-
tic regression coefficient in the 93rd percentile. Nonetheless, existing methods consistently rank
“favorite” as being highly negative or neutral. In contrast, as shown in Table 12.1, CD is able to
identify “my favorite” as being strongly positive, and ”used to be” as strongly negative. A similar
dynamic also occurs with the phrase “not worth the time”. The main justification for using LSTMs
over simpler models is precisely that they are able to capture these kinds of interactions. Thus, it
is important that an interpretation algorithm is able to properly uncover how the interactions are
being handled.

Using the above as a motivating example, we now show that a similar trend holds throughout
the Yelp polarity dataset. In particular, we conduct a search for situations similar to the above,
where a strongly positive/negative phrase contains a strongly dissenting subphrase. Phrases are
scored using the logistic regression with n-gram features described in Chapter 12.1, and included
if their absolute score is over 1.5. We then examine the distribution of scores for the dissenting
subphrases, which are analogous to “favorite”.

For an effective interpretation algorithm, the distribution of scores for positive and negative
dissenting subphrases should be significantly separate, with positive subphrases having positive
scores, and vice versa. However, as can be seen in Appendix B.1, for prior methods these two dis-
tributions are nearly identical. The CD distributions, on the other hand, are significantly separate,
indicating that what we observed anecdotally above holds in a more general setting.

12.4 Examining high-level compositionality
We now show that prior methods struggle to identify cases where a sizable portion of a review
(between one and two thirds) has polarity different from the LSTM’s prediction. For instance,
consider the review in Table 12.2, where the first phrase is clearly positive, but the second phrase
causes the review to ultimately be negative. CD is the only method able to accurately capture this
dynamic.

By leveraging the phrase-level labels provided in SST, we can show that this pattern holds in
the general case. In particular, we conduct a search for reviews similar to the above example. The
search criteria are whether a review contains a phrase labeled by SST to be of opposing sentiment
to the review-level SST label, and is between one and two thirds the length of the review.
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Attribution Method Heat Map
Gradient used to be my favorite not worth the time

Leave One Out [71] used to be my favorite not worth the time

Cell decomposition [86] used to be my favorite not worth the time

Integrated gradients [122] used to be my favorite not worth the time

Contextual decomposition used to be my favorite not worth the time

Legend Very Negative Negative Neutral Positive Very Positive

Table 12.1: Heat maps for portion of yelp review with different attribution techniques. Only
CD captures that ”favorite” is positive.

In Appendix B.1, we show the distribution of the resulting positive and negative phrases for dif-
ferent attribution methods. A successful interpretation method would have a sizable gap between
these two distributions, with positive phrases having mostly positive scores, and negative phrases
mostly negative. However, prior methods struggle to satisfy these criteria. 87% of all positive
phrases are labelled as negative by integrated gradients, and cell decompositions [86] even have the
distributions flipped, with negative phrases yielding more positive scores than the positive phrases.
CD, on the other hand, provides a very clear difference in distributions. To quantify this separa-
tion between positive and negative distributions, we examine a two-sample Kolmogorov-Smirnov
one-sided test statistic, a common test for the difference of distributions with values ranging from
0 to 1. CD produces a score of 0.74, indicating a strong difference between positive and nega-
tive distributions, with other methods achieving scores of 0 (cell decomposition), 0.33 (integrated
gradients), 0.58 (leave one out) and 0.61 (gradient), indicating weaker distributional differences.
Given that gradient and leave one out were the weakest performers in unigram scores, this provides
strong evidence for the superiority of CD.

12.5 Contextual decomposition (CD) captures negation
In order to understand an LSTM’s prediction mechanism, it is important to understand not just the
contribution of a phrase, but how that contribution is computed. For phrases involving negation,
we now demonstrate that we can use CD to empirically show that our LSTM learns a negation
mechanism.

Using the phrase labels in SST, we search over the training set for instances of negation. In
particular, we search for phrases of length less than ten with the first child containing a negation
phrase (such as “not” or “lacks”, full list provided in Appendix B.3) in the first two words, and the
second child having positive or negative sentiment. Due to noise in the labels, we also included
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Attribution Method Heat Map
Gradient It’s easy to love Robin Tunney – she’s pretty and she can act –

but it gets harder and harder to understand her choices.

Leave one out [71] It’s easy to love Robin Tunney – she’s pretty and she can act –

but it gets harder and harder to understand her choices.

Cell decomposition [86] It’s easy to love Robin Tunney – she’s pretty and she can act –

but it gets harder and harder to understand her choices.

Integrated gradients
[122]

It’s easy to love Robin Tunney – she’s pretty and she can act –

but it gets harder and harder to understand her choices.

Contextual decomposi-
tion

It’s easy to love Robin Tunney – she’s pretty and she can act –

but it gets harder and harder to understand her choices.

Legend Very Negative Negative Neutral Positive Very Positive

Table 12.2: Heat maps for portion of review from SST with different attribution techniques. Only
CD captures that the first phrase is positive.

phrases where the entire phrase was non-neutral, and the second child contained a non-neutral
phrase. We identify both positive negation, such as “isn’t a bad film”, and negative negation, such
as “isn’t very interesting”, where the direction is given by the SST-provided label of the phrase.

For a given negation phrase, we extract a negation interaction by computing the CD score of
the entire phrase and subtracting the CD scores of the phrase being negated and the negation term
itself. The resulting score can be interpreted as an n-gram feature. Note that, of the methods we
compare against, only leave one out is capable of producing such interaction scores. For reference,
we also provide the distribution of all interactions for phrases of length less than 5.

We present the distribution of extracted scores in Figure 12.1. For CD, we can see that there is
a clear distinction between positive and negative negations, and that the negation interactions are
centered on the outer edges of the distribution of interactions. Leave one out is able to capture some
of the interactions, but has a noticeable overlap between positive and negative negations around
zero, indicating a high rate of false negatives.

12.6 Identifying similar phrases
Another benefit of using CDs for interpretation is that, in addition to providing importance scores,
it also provides dense embeddings for arbitrary phrases and interactions, in the form of βT dis-
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Figure 12.1: Distribution of scores for positive and negative negation coefficients relative to all
interaction coefficients. Only leave one out and CD are capable of producing these interaction
scores.

not entertain-
ing

not bad very funny entertaining bad

not funny never dull well-put-
together piece

intelligent dull

not engaging n’t drag entertaining
romp

engaging drag

never satisfac-
tory

never fails very good satisfying awful

not well without sham surprisingly
sweet

admirable tired

not fit without missing very well-
written

funny dreary

Table 12.3: Nearest neighbours for selected unigrams and interactions using CD embeddings

cussed in Chapter 11. We anecdotally show that similarity in this embedding space corresponds to
semantic similarity in the context of sentiment analysis.

In particular, for all words and binary interactions, we compute the average embedding βT pro-
duced by CD across the training and validation sets. In Table 12.3, we show the nearest neighbours
using a cosine similarity metric. The results are qualitatively sensible for three different kinds of
interactions: positive negation, negative negation and modification, as well as positive and negative
words. Note that we for positive and negative words, we chose the positive/negative parts of the
negations, in order to emphasize that CD can disentangle this composition.
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12.7 Conclusion
In this part, we have proposed contextual decomposition (CD), an algorithm for interpreting in-
dividual predictions made by LSTMs without modifying the underlying model. In both NLP and
general applications of LSTMs, CD produces importance scores for words (single variables in
general), phrases (several variables together) and word interactions (variable interactions). Using
two sentiment analysis datasets for empirical validation, we first show that for information also
produced by prior methods, such as word-level scores, our method compares favorably. More
importantly, we then show that CD is capable of identifying phrases of varying sentiment, and ex-
tracting meaningful word (or variable) interactions. This movement beyond word-level importance
is critical for understanding a model as complex and highly non-linear as LSTMs.
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Part IV

Hierarchical interpretations for neural
network predictions
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Chapter 13

Methods

Deep neural networks (DNNs) have recently demonstrated impressive predictive performance due
to their ability to learn complex, non-linear, relationships between variables. However, the inabil-
ity to effectively visualize these relationships has led DNNs to be characterized as black boxes.
Consequently, their use has been limited in fields such as medicine (e.g. medical image classifica-
tion [75]), policy-making (e.g. classification aiding public policy makers [25]), and science (e.g.
interpreting the contribution of a stimulus to a biological measurement [9]). Moreover, the use
of black-box models like DNNs in industrial settings has come under increasing scrutiny as they
struggle with issues such as fairness [37] and regulatory pressure [46].

To ameliorate these problems, we introduce the use of hierarchical interpretations to explain
DNN predictions. Our proposed method, agglomerative contextual decomposition (ACD)1, is a
general technique that can be applied to a wide range of DNN architectures and data types. Given
a prediction from a trained DNN, ACD produces a hierarchical clustering of the input features,
along with the contribution of each cluster to the final prediction. This hierarchy is optimized to
identify clusters of features that the DNN learned are predictive (see Figure 13.1).

The development of ACD consists of two novel contributions. First, importance scores for
groups of features are obtained by generalizing contextual decomposition (CD), a previous method
for obtaining importance scores for LSTMs [85]. This work extends CD to arbitrary DNN architec-
tures, including convolutional neural networks (CNNs). Second, most importantly, we introduce
the idea of hierarchical saliency, where a group-level importance measure, in this case CD, is used
as a joining metric in an agglomerative clustering procedure. While we focus on DNNs and use
CD as our importance measure, this concept is general, and could be readily applied to any model
with a suitable measure for computing importances of groups of variables.

We demonstrate the utility of ACD on both long short term memory networks (LSTMs) [53]
trained on the Stanford Sentiment Treebank (SST) [118] and CNNs trained on MNIST [68] and
ImageNet [110]. Through human experiments, we show that ACD produces intuitive visualizations
that enable users to better reason about and trust DNNs. In particular, given two DNN models, we
show that users can use the output of ACD to select the model with higher predictive accuracy, and

1Code and scripts for running ACD and experiments available at https://github.com/csinva/acd

https://github.com/csinva/acd
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that overall they rank ACD as more trustworthy than prior interpretation methods. In addition, we
demonstrate that ACD’s hierarchy is robust to adversarial perturbations [124] in CNNs.

DNN Prediction

DNN

negative
ACD Interpretation

Positive

Negative

not very good

very good

not very good

not very good

Figure 13.1: ACD illustrated through the toy example of predicting the phrase “not very good” as
negative. Given the network and prediction, ACD constructs a hierarchy of meaningful phrases
and provides importance scores for each identified phrase. In this example, ACD identifies that
“very” modifies “good” to become the very positive phrase “very good”, which is subsequently
negated by ”not” to produce the negative phrase “not very good”. Best viewed in color.

13.1 Related Work
Interpreting DNNs is a growing field [87] spanning a range of techniques including feature visu-
alization [89, 137], analyzing learned weights [127] and others [42, 8, 141]. Our work focuses on
local interpretations, where the task is to interpret individual predictions made by a DNN.

Local interpretation Most prior work has focused on assigning importance to individual fea-
tures, such as pixels in an image or words in a document. There are several methods that give
feature-level importance for different architectures. They can be categorized as gradient-based
[119, 122, 111, 12], decomposition-based [86, 114, 11] and others [32, 39, 103, 143], with many
similarities among the methods [7, 78].

By contrast, there are relatively few methods that can extract the interactions between features
that a DNN has learned. In the case of LSTMs, [85] demonstrated the limitations of prior work
on interpretation using word-level scores, and introduced contextual decomposition (CD), an al-
gorithm for producing phrase-level importance scores from LSTMs. Another simple baseline is
occlusion, where a group of features is set to some reference value, such as zero, and the impor-
tance of the group is defined to be the resulting decrease in the prediction value [140, 71]. Given
an importance score for groups of features, no existing work addresses how to search through the
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many possible groups of variables in order to find a small set to show to users. To address this
problem, this work introduces hierarchical interpretations as a principled way to search for and
display important groups.

Hierarchical importance Results from psychology and philosophy suggest that people prefer
explanations that are simple but informative [50, 102] and include the appropriate amount of detail
[60]. However, there is no existing work that is both powerful enough to capture interactions
between features, and simple enough to not require a user to manually search through the large
number of available feature groups. To remedy this, we propose a hierarchical clustering procedure
to identify and visualize, out of the considerable number of feature groups, which ones contain
meaningful interactions and should be displayed to the end user. In doing so, ACD aims to be
informative enough to capture meaningful feature interactions while displaying a sufficiently small
subset of all feature groups to maintain simplicity.

The following sections introduce ACD through two contributions: Chapter 13.2 proposes a
generalization of CD from LSTMs to arbitrary DNNs, and Chapter 13.3 explains the main contri-
bution: how to combine these CD scores with hierarchical clustering to produce ACD.

13.2 Contextual Decomposition (CD) importance scores for
general DNNs

In order to generalize CD to a wider range of DNNs, we first reformulate the original CD algorithm
into a more generic setting than originally presented. For a given DNN f(x), we can represent its
output as a SoftMax operation applied to logits g(x). These logits, in turn, are the composition of
L layers gi, such as convolutional operations or ReLU non-linearities.

f(x) = SoftMax(g(x)) = SoftMax(gL(gL−1(...(g2(g1(x)))))) (13.1)

Given a group of features {xj}j∈S , our generalized CD algorithm, gCD(x), decomposes the logits
g(x) into a sum of two terms, β(x) and γ(x). β(x) is the importance measure of the feature group
{xj}j∈S , and γ(x) captures contributions to g(x) not included in β(x).

gCD(x) = (β(x), γ(x)) (13.2)
β(x) + γ(x) = g(x) (13.3)

To compute the CD decomposition for g(x), we define layer-wise CD decompositions gCDi (x) =
(βi, γi) for each layer gi(x). Here, βi corresponds to the importance measure of {xj}j∈S to layer i,
and γi corresponds to the contribution of the rest of the input to layer i. To maintain the decompo-
sition we require βi + γi = gi(x) for each i. We then compute CD scores for the full network by
composing these decompositions.

gCD(x) = gCDL (gCDL−1(...(g
CD
2 (gCD1 (x))))) (13.4)
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Previous work [85] introduced decompositions gCDi for layers used in LSTMs. The generalized
CD described here extends CD to other widely used DNNs, by introducing layer-wise CD de-
compositions for convolutional, max-pooling, ReLU non-linearity and dropout layers. Doing so
generalizes CD scores from LSTMs to a wide range of neural architectures, including CNNs with
residual and recurrent architectures.

At first, these decompositions were chosen through an extension of the CD rules detailed in
[85], yielding a similar algorithm to that developed concurrently by [44]. However, we found that
this algorithm did not perform well on deeper, ImageNet CNNs. We subsequently modified our
CD algorithm by partitioning the biases in the convolutional layers between γi and βi in Equation
13.5, and modifying the decomposition used for ReLUs in Equation 13.10. We show the effects of
these two changes in Supplement S7, and give additional intuition in Supplement S1.

When gi is a convolutional or fully connected layer, the layer operation consists of a weight
matrix W and a bias b. The weight matrix can be multiplied with βi−1 and γi−1 individually, but
the bias must be partitioned between the two. We partition the bias proportionally based on the
absolute value of the layer activations. For the convolutional layer, this equation yields only one
activation of the output; it must be repeated for each activation.

βi = Wβi−1 +
|Wβi−1|

|Wβi−1|+ |Wγi−1|
· b (13.5)

γi = Wγi−1 +
|Wγi−1|

|Wβi−1|+ |Wγi−1|
· b (13.6)

When gi is a max-pooling layer, we identify the indices, or channels, selected by max-pool when
run by gi(x), denoted max idxs below, and use the decompositions for the corresponding chan-
nels.

max idxs = argmax
idxs

[maxpool(βi−1 + γi−1; idxs)] (13.7)

βi = βi−1[max idxs] (13.8)
γi = γi−1[max idxs] (13.9)

Finally, for the ReLU, we update our importance score βi by computing the activation of βi−1 alone
and then update γi by subtracting this from the total activation.

βi = ReLU(βi−1) (13.10)
γi = ReLU(βi−1 + γi−1)− ReLU(βi−1) (13.11)

For a dropout layer, we simply apply dropout to βi−1 and γi−1 individually, or multiplying each by
a scalar. Computationally, a CD call is comparable to a forward pass through the network f .

13.3 Agglomerative Contextual Decomposition (ACD)
Given the generalized CD scores introduced above, we now introduce the clustering procedure
used to produce ACD interpretations. At a high-level, our method is equivalent to agglomerative
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hierarchical clustering, where the CD interaction is used as the joining metric to determine which
clusters to join at each step. This procedure builds the hierarchy by starting with individual features
and iteratively combining them based on the interaction scores provided by CD. The displayed
ACD interpretation is the hierarchy, along with the CD importance score at each node.

More precisely, algorithm 1 describes the exact steps in the clustering procedure. After initial-
izing by computing the CD scores of each feature individually, the algorithm iteratively selects all
groups of features within k% of the highest-scoring group (where k is a hyperparameter, fixed at
95 for images and 90 for text) and adds them to the hierarchy.

Each time a new group is added to the hierarchy, a corresponding set of candidate groups is
generated by adding individual contiguous features to the original group. For text, the candidate
groups correspond to adding one adjacent word onto the current phrase, and for images adding
any adjacent pixel onto the current image patch. Candidate groups are ranked according to the CD
interaction score, which is the difference between the score of the candidate and original groups.

ACD terminates after an application-specific criterion is met. For sentiment classification, we
stop once all words are selected. For images, we stop after some predefined number of iterations
and then merge the remaining groups one by one using the same selection criteria described above.

Algorithm 1 Agglomeration algorithm.
ACD(Example x, model, hyperparameter k, function CD(x, blob; model))

# initialize
tree = Tree() # tree to output
scoresQueue = PriorityQueue() # scores, sorted by importance
for feature in x :

scoresQueue.push(feature, priority=CD(x, feature; model))

# iteratively build up tree
while scoresQueue is not empty :

selectedGroups = scoresQueue.popTopKPercentile(k) # pop off top k elements
tree.add(selectedGroups) # Add top k elements to the tree

# generate new groups of features based on current groups and add them to the queue
for selectedGroup in selectedGroups :

candidateGroups = getCandidateGroups(selectedGroup)
for candidateGroup in candidateGroups :

scoresQueue.add(candidateGroup, priority=CD(x, candidateGroup;model)-
CD(x,selectedGroup; model))
return tree

Algorithm 1 is not specific to DNNs; it requires only a method to obtain importance scores
for groups of input features. Here, we use CD scores to arrive at the ACD algorithm, which
makes the method specific to DNNs, but given a feature group scoring function, Algorithm 1
can yield interpretations for any predictive model. CD is a natural score to use for DNNs as it
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aggregates saliency at different scales and converges to the final prediction once all the units have
been selected.
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Chapter 14

Experiments

We now present empirical validation of ACD on both LSTMs trained on SST and CNNs trained
on MNIST and ImageNet. First, we introduce the reader to our visualization in Chapter 14.2, and
how it can (anecdotally) be used to understand models in settings such as diagnosing incorrect
predictions, identifying dataset bias, and identifying representative phrases of differing lengths.
We then provide quantitative evidence of the benefits of ACD in Chapter 14.3 through human
experiments and demonstrating the stability of ACD to adversarial perturbations.

14.1 Experimental details
We first describe the process for training the models from which we produce interpretations. As the
objective of this part is to interpret the predictions of models, rather than increase their predictive
accuracy, we use standard best practices to train our models. All models are implemented using
PyTorch. For SST, we train a standard binary classification LSTM model1, which achieves 86.2%
accuracy. On MNIST, we use the standard PyTorch example2, which attains accuracy of 97.7%.
On ImageNet, we use a pre-trained VGG-16 DNN architecture [115] which attains top-1 accuracy
of 42.8%. When using ACD on ImageNet, for computational reasons, we start the agglomeration
process with 14-by-14 superpixels instead of individual pixels. We also smooth the computed
image patches by adding pixels surrounded by the patch. The weakened models for the human
experiments are constructed from the original models by randomly permuting a small percentage
of their weights. For SST/MNIST/ImageNet, 25/25/0.8% of weights are randomized, reducing test
accuracy from 85.8/97.7/42.8% to 79.8/79.6/32.3%.

1model and training code from https://github.com/clairett/pytorch-sentiment-classification
2model and training code from https://github.com/pytorch/examples/tree/master/mnist
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14.2 Qualitative experiments
Before providing quantitative evidence of the benefits of ACD, we first introduce the visualization
and demonstrate its utility in interpreting a predictive model’s behavior. To qualitatively evaluate
ACD, in Supplement S3 we show the results of several more examples selected using the same
criterion as in our human experiments described below.

Understanding predictive models using ACD
In the following examples, we demonstrate the use of ACD to diagnose incorrect predictions in
SST and identify dataset bias in ImageNet. These examples are only a few of the potential uses of
ACD.

Text example - diagnosing incorrect predictions In the first example, we show the result of
running ACD for our SST LSTM model in Figure 14.1. We can use this ACD visualization to
quickly diagnose why the LSTM made an incorrect prediction. In particular, note that the ACD
summary of the LSTM correctly identifies two longer phrases and their corresponding sentiment a
great ensemble cast (positive) and n’t lift this heartfelt enterprise out of the ordinary (negative). It is
only when these two phrases are joined that the LSTM inaccurately predicts a positive sentiment.
This suggests that the LSTM has erroneously learned a positive interaction between these two
phrases. Prior methods would not be capable of detecting this type of useful information.

Figure 14.1: ACD interpretation of an LSTM predicting sentiment. Blue is positive sentiment,
white is neutral, red is negative. The bottom row displays CD scores for individual words in the
sentence. Higher rows display important phrases identified by ACD, along with their CD scores,
converging to the model’s (incorrect) prediction in the top row. (Best viewed in color)

Vision example - identifying dataset bias Figure 14.2 shows an example using ACD for an Im-
ageNet VGG model. Using ACD, we can see that to predict “puck”, the CNN is not just focusing
on the puck in the image, but also on the hockey player’s skates. Moreover, by comparing the fifth
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and sixth plots in the third row, we can see that the network is only able to distinguish between the
class “puck” and the other top classes when the orange skate and green puck patches merge into
a single orange patch. This suggests that the CNN has learned that skates are a strong corroborat-
ing features for pucks. While intuitively reasonable in the context of ImageNet, this may not be
desirable behavior if the model were used in other domains.

Figure 14.2: ACD interpretation for a VGG network prediction on ImageNet, described in 14.2.
ACD shows that the CNN is focusing on skates to predict the class “puck”, indicating that the
model has captured dataset bias. The top row shows the original image, logits for the five top-
predicted classes, and the CD superpixel-level scores for those classes. The second row shows
separate image patches ACD has identified as being independently predictive of the class “puck”.
Starting from the left, each image shows a successive iteration in the agglomeration procedure.
The third row shows the CD scores for each of these patches, where patch colors in the second row
correspond to line colors in the third row. ACD successfully finds important regions for the target
class (such as the puck), and this importance increases as more pixels are selected. Best viewed in
color.

Identifying top-scoring phrases
When feasible, a common means of scrutinizing what a model has learned is to inspect its most
important features, and interactions. In Table 14.1, we use ACD to show the top-scoring phrases
of different lengths for our LSTM trained on SST. These phrases were extracted by running ACD
separately on each sample in SST’s validation set. The score of each phrase was then computed
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Length Positive Negative
1 pleasurable, sexy, glorious nowhere, grotesque, sleep
3 amazing accomplishment., great fun. bleak and desperate, conspicuously

lacks.
5 a pretty amazing accomplishment. ultimately a pointless endeavour.
8 presents it with an unforgettable visual

panache.
my reaction in a word: disappoint-
ment.

Table 14.1: Top-scoring phrases of different lengths extracted by ACD on SST’s validation set.
The positive/negative phrases identified by ACD are all indeed positive/negative.

by averaging over the score it received in each occurrence in a ACD hierarchy. The extracted
phrases are clearly reflective of the corresponding sentiment, providing additional evidence that
ACD is able to capture meaningful positive and negative phrases. Additional phrases are given in
Supplement S2.

14.3 Quantitative experiments
Having introduced our visualization and provided qualitative evidence of its uses, we now provide
quantitative evidence of the benefits of ACD.

Human experiments
We now demonstrate through human experiments that ACD allows users to better trust and reason
about the accuracy of DNNs. Human subjects consist of eleven graduate students at the author’s
institution, each of whom has taken a class in machine learning. Each subject was asked to fill out a
survey with two types of questions: whether, using ACD, they could identify the more accurate of
two models and whether they trusted a models output. In both cases, similar questions were asked
on three datasets (SST, MNIST and ImageNet), and ACD was compared against three baselines:
CD [85], Integrated Gradients (IG) [122], and occlusion [71, 140]. The exact survey prompts are
provided in Supplement S4.

Identifying an accurate model The objective of this section was to determine if subjects could
use a small number of interpretations produced by ACD in order to identify the more accurate of
two models. For each question in this section, two example predictions were chosen. For each of
these two predictions, subjects were given interpretations from two different models (four total),
and asked to identify which of the two models had a higher predictive accuracy. Each subject
was asked to make this comparison using three different sets of examples for each combination of
dataset and interpretation method, for 36 total comparisons. To remove variance due to examples,
the same three sets of examples were used across all four interpretation methods.
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Figure 14.3: Results for human studies. A. Binary accuracy for whether a subject correctly selected
the more accurate model using different interpretation techniques B. Average rank (from 1 to 4)
of how much different interpretation techniques helped a subject to trust a model, higher ranks are
better.

The predictions shown were chosen to maximize disagreement between models, with SST also
being restricted to sentences between five and twenty words, for ease of visualization. To prevent
subjects from simply picking the model that predicts more accurately for the given example, for
each question a user is shown two examples: one where only the first model predicts correctly
and one where only the second model predicts correctly. The two models considered were the
accurate models of the previous section and a weakened version of that same model (details given
in Chapter 14.1).

Fig 14.3A shows the results of the survey. For SST, humans were better able to identify the
strongly predictive model using ACD compared to other baselines, with only ACD and CD out-
performing random selection (50%). Based on a one-sided two-sample t-test, the gaps between
ACD and IG/Occlusion are significant, but not the gap between ACD and CD. In the simple set-
ting of MNIST, ACD performs similarly to other methods. When applied to ImageNet, a more
complex dataset, ACD substantially outperforms prior, non-hierarchical methods, and is the only
method to outperform random chance, although the gaps between ACD and other methods are only
statistically suggestive (p-values fall between 0.15 and 0.07).

Evaluating trust in a model In this section, the goal is to gauge whether ACD helps a subject
to better trust a model’s predictions, relative to prior techniques. For each question, subjects were
shown interpretations of the same prediction using four different interpretation methods, and were
asked to rank the interpretations from one to four based on how much they instilled trust in trust
the model. Subjects were asked to do this ranking for three different examples in each dataset,
for nine total rankings. The interpretations were produced from the more accurate model from the
previous section, and the examples were chosen using the same criteria as the previous section,
except they were restricted to examples correctly predicted by the more accurate model.

Fig 14.3B shows the average ranking received by each method/dataset pair. ACD substantially
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outperforms other baselines, particularly for ImageNet, achieving an average rank of 3.5 out of 4,
where higher ranks are better. As in the prior question, we found that the hierarchy only provided
benefits in the more complicated ImageNet setting, with results on MNIST inconclusive. For
both SST and ImageNet, the difference in mean ranks between ACD and all other methods is
statistically significant (p-value less than 0.005) based on a permutation test, while on MNIST
only the difference between ACD and occlusion is significant.

ACD hierarchy is robust to adversarial perturbations
While there has been a considerable amount of work on adversarial attacks, little effort has been
devoted to qualitatively understanding this phenomenon. In this section, we provide evidence that,
on MNIST, the hierarchical clustering produced by ACD is largely robust to adversarial pertur-
bations. This suggests that ACD’s hierarchy captures fundamental features of an image, and is
largely immune to the spurious noise favored by adversarial examples.

To measure the robustness of ACD’s hierarchy, we first qualitatively compare the interpre-
tations produced by ACD on both an unaltered image and an adversarially perturbed version of
that image. Empirically, we found that the extracted hierarchies are often very similar, see Supple-
ment S5. To generalize these observations, we introduce a metric to quantify the similarity between
two ACD hierarchies. This metric allows us to make quantitative, dataset-level statements about
the stability of ACD feature hierarchies with respect to adversarial inputs. Given an ACD hierar-
chy, we compute a ranking of the input image’s pixels according to the order in which they were
added to the hierarchy. To measure the similarity between the ACD hierarchies for original and
adversarial images, we compute the correlation between their corresponding rankings. As ACD
hierarchies are class-specific, we average the correlations for the original and adversarially altered
predictions.

We display the correlations for five different attacks (computed using the Foolbox package
[101], examples shown in Supplement S6), each averaged over 100 randomly chosen predictions,
in Table 14.2. As ACD is the first local interpretation technique to compute a hierarchy, there is
little prior work available for comparison. As a baseline, we use our agglomeration algorithm with
occlusion in place of CD. The resulting correlations are substantially lower, indicating that features
detected by ACD are more stable to adversarial attacks than comparable methods. These results
provide evidence that ACD’s hierarchy captures fundamental features of an image, and is largely
immune to the spurious noise favored by adversarial examples.

14.4 Conclusion
In this part, we introduce agglomerative contextual decomposition (ACD), a novel hierarchical
interpretation algorithm. ACD is the first method to use a hierarchy to interpret individual neu-
ral network predictions. Doing so enables ACD to automatically detect and display non-linear
contributions to individual DNN predictions, something prior interpretation methods are unable
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Attack Type ACD Agglomerative Occlusion
Saliency [93] 0.762 0.259
Gradient attack 0.662 0.196
FGSM [45] 0.590 0.131
Boundary [24] 0.684 0.155
DeepFool [82] 0.694 0.202

Table 14.2: Correlation between pixel ranks for different adversarial attacks. ACD achieves con-
sistently high correlation across different attack types, indicating that ACD hierarchies are largely
robust to adversarial attacks. Using occlusion in place of CD produces substantially less stable
hierarchies.

to do. The benefits of capturing the non-linearities inherent in DNNs are demonstrated through
human experiments and examples of diagnosing incorrect predictions and dataset bias. We also
demonstrate that ACD’s hierarchy is robust to adversarial perturbations in CNNs, implying that it
captures fundamental aspects of the input and ignores spurious noise.
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Appendix A

Supplementary materials for Part II

We provide an example heat map using the cell decomposition metric for each class in both senti-
ment analysis datasets, and selected WikiMovie question categories

Dataset Category Heat Map

Yelp
Polar-
ity

Positive we went here twice for breakfast . had the bananas
foster waffles with fresh whipped cream , they were

amazing ! ! perfect seat
out side on the terrace

Yelp
Polar-
ity

Negative call mespoiled ...this sushi isgrossand
the orange chicken , well it was so thin i don
’t think it had chicken in it. go some-
whereelse
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Dataset Category Heat Map

Stanford
Senti-
ment

Positive Whether or not you ’re enlightened by any of Derrida
’s lectures on “ the other ” and “ the self , ” Derrida is

an undeniably fascinating and

playfulfellow
Stanford
Senti-
ment

Negative ... begins with promise , but runsaground after being
snared in its own tangledplot

Pattern Question Heat Map

Movie
to Year

What was the re-
lease year of an-
other 48 hours?

another 48 hrs is a 1990

Movie
to
Writer

Which per-
son wrote the
movie last of the
dogmen?

last of the dogmen is a 1995 western adventure

film written anddirectedbytab mur-
phy

Movie
to
Actor

Who acted
in the movie
thunderbolt?

thunderbolt ( ) ( ” piklik foh ” ) is a 1995 hong kong
action film starring jackie chan

Movie
to Di-
rector

Who directed
bloody bloody
bible camp?

bloody bloody bible cam p is a 2012 american hor-

ror - comedy /s platter film . the film was di-
rectedbyvito trabucco

Movie
to
Genre

What genre is
trespass in?

trespass is a 1992 action
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Pattern Question Heat Map

Movie
to
Votes

How would peo-
ple rate the pool?

though filmed in hindi , a language smith didn ’t know

, the film earnedgood∗
Movie
to
Rating

How popu-
lar was les
miserables?

les mis rables is a 1935
american drama film starring fredric march

and charles laughton based upon the fa-mous
Movie
to Tags

Describe rough
magic?

rough magic is a 1995 comedy film directed by
clare peploe and starring bridget fonda , russell
crowe

Movie
to
Lan-
guage

What is the main
language in fate?

fate ( ) is a 2001 turkish
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Appendix B

Supplementary materials for Part III

B.1 Plots

Plots for dissenting subphrases
We provide here the plots described in Section 12.3.

Plots for high-level compositionality
We provide here the plots referenced in Section 12.4.

Logistic regression versus extracted coefficients scatterplots
We provide here the scatterplots and correlations referenced in section 12.2.

Attribution Method Stanford Sentiment Yelp Polarity
Gradient 0.375 0.336
Leave one out [71] 0.510 0.358
Cell decomposition
[86]

0.490 0.560

Integrated gradients
[122]

0.724 0.471

Contextual decompo-
sition

0.758 0.520

Table B.1: Correlation coefficients between logistic regression coefficients and extracted scores.
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Figure B.1: The distribution of attributions for positive (negative) sub-phrases contained within
negative (positive) phrases of length at most five in the Yelp polarity dataset. The positive and
negative distributions are nearly identical for all methods except CD, indicating an inability of
prior methods to distinguish between positive and negative phrases when occurring in the context
of a phrase of the opposite sentiment
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Figure B.2: Distribution of positive and negative phrases, of length between one and two thirds of
the full review, in SST. The positive and negative distributions are significantly more separate for
CD than other methods, indicating that even at this coarse level of granularity, other methods still
struggle.
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Figure B.3: Logistic regression coefficients versus coefficients extracted from an LSTM on SST.
We include a least squares regression line. Stronger linear relationships in the plots correspond to
better interpretation techniques.
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B.2 General recursion formula
We provide here the general recursion formula referenced in Section 11.3. The two cases that are
considered is whether the current time step is during the phrase (q ≤ t ≤ r) or outside of the phrase
(t < q or t > r).

βft = [Lσ(Vfβt−1) + Lσ(bf ) + Lσ(Vfxt)1q≤t≤r]� βct−1 (B.1)

γft =ft � γct−1 + [Lσ(Vfγt−1) + Lσ(Vfxt)1t>q,t<r]� βct−1 (B.2)
βut =Lσ(Viβ

c
t−1)� [Ltanh(Vgβ

c
t−1 + Ltanh(bg)] + Lσ(bi)� Ltanh(Vgβ

c
t−1) (B.3)

+ [Lσ(Wixt)� [Ltanh(Wgxt) + Ltanh(Vgβt−1) + Ltanh(bg)] + Lσ(bi)� Ltanh(Wgxt)]1q≤t≤r

γft =Lσ(Viγt−1)� gt + it � Ltanh(Vgγt−1)− Lσ(Viγt−1)� Ltanh(Vgγt−1) + Lσ(bi)� Ltanh(bg)+
(B.4)

+ [Lσ(Wixt)� [Ltanh(Wgxt) + Ltanh(Vgβt−1) + Ltanh(bg)] + Lσ(bi)� Ltanh(Wgxt)]1t<q,t>r

B.3 List of words used to identify negations
To search for negations, we used the following list of negation words: not, n’t, lacks, nobody, nor,
nothing, neither, never, none, nowhere, remotely
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Appendix C

Supplementary materials for Part IV

S1 CD score comparisons

Figure S1: Intuition for CD run on a corner-shaped blob compared to build-up and occlusion.
CD decomposes a DNN’s feedforward pass into a part from the blob of interest (top row) and
everything else (second row). Left column shows original image with overlaid blob. Other columns
show DNN activations summed over the filter dimension. Top and third rows are on same color
scale. Second and bottom rows are on same color scale.

Figure S1 gives intuition for CD on the VGG-16 ImageNet model described in Chapter 14. CD
keeps track of the contributions of the blob and non-blob throughout the network. This is intuitively
similar to the occlusion and build-up methods, shown in the bottom two rows. The build-up method
sets everything but the patch of interest to a references value (often zero). These rows compare
the CD decomposition to perturbing the input as in the occlusion and build-up methods. They are
similar in early layers, but differences become apparent in later layers.

Figure S2 compares the 7x7 superpixel-level scores for four images comparing different meth-
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Figure S2: Comparing unit-level CD scores for the correct class to scores from baseline methods.
In each case, the model correctly predicts the label, shown on the y axis. Blue is positive, white is
neutral, and red is negative. Best viewed in color.

ods for obtaining importance scores. CD scores better find information relevant to predicting the
correct class.

S2 Top scoring ACD phrases
Here we provide an extended version of Table S1, containing the top 5 phrases of each length for
positive/negative polarities. These were extracted using ACD from an LSTM trained on SST.

S3 ACD Examples
We provide additional, automatically selected, visualizations produced by ACD. These examples
were chosen using the same criteria as the human experiments describes in Chapter 14.3. All
examples are best viewed in color.

SST top-predicted examples. Here, the model used and figure produced correspond to Fig-
ure 14.1.
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Length Positive Negative
1 ’pleasurable’, ’sexy’, ’glorious’,

’delight’, ’unforgettable’
’nowhere’, ’grotesque’, ’sleep’,
’mundane’, ’clich’

3 ’amazing accomplishment .’, ’great
fun .’, ’good fun .’, ’language sexy
.’, ’are magnificent .’

’very bad .’, ’: disappointment .’,
’quite bad .’, ’conspicuously lacks
.’, ’bleak and desperate’

5 ’a pretty amazing accomplishment
.’, ’clearly , great fun .’, ’richness
of its performances .’, ’a delightful
coming-of-age story .’, ’an unfor-
gettable visual panache .’

’ultimately a pointless endeavor .’,
’this is so bad .’, ’emotion closer to
pity .’, ’fat waste of time .’, ’sketch
gone horribly wrong .’

8 ’presents it with an unforgettable
visual panache .’, ’film is packed
with information and impressions
.’, ’entertains by providing good ,
lively company .’

’my reaction in a word : disappoint-
ment .’, ”’s slow – very , very slow
.”, ’a dull , ridiculous attempt at
heart-tugging .’

12 ’in delicious colors , and the cos-
tumes and sets are grand .’, ’part
stevens glides through on some
solid performances and witty dia-
logue .’, ’mamet enthusiast and for
anyone who appreciates intelligent ,
stylish moviemaking .’

”actors provide scant reason to care
in this crude ’70s throwback .”,
’more often just feels generic ,
derivative and done to death .’, ’its
storyline with glitches casual fans
could correct in their sleep .’

15 ’serry shows a remarkable gift for
storytelling with this moving , ef-
fective little film .’, ’, lathan and
diggs are charming and have chem-
istry both as friends and lovers .’

’level that one enjoys a bad slasher
flick , primarily because it is dull
.’, ’technicality that strains credulity
and leaves the viewer haunted by
the waste of potential .’

Table S1: Top-scoring phrases of different lengths extracted by ACD on SST’s validation set. The
positive/negative phrases identified by ACD are all indeed positive/negative
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SST lowest-predicted examples. Here, the model used and figure produced correspond to Fig-
ure 14.1.

MNIST top-predicted examples. Here, the model used is the same as in Chapter 14.3 and the
interpretation of the figure produced is the same as in Figure 14.2.
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MNIST lowest-predicted examples. Here, the model used is the same as in Chapter 14.3 and
the interpretation of the figure produced is the same as in Figure 14.2.

Imagenet top-predicted examples. Here, the model used and figure produced correspond to that
in Figure 14.2.
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Imagenet lowest-predicted examples. Here, the model used and figure produced correspond to
that in Figure 14.2.
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S4 Human experiments experimental setup
Order of questions is randomized for each subject. Below are the instructions and questions given
to the user (for brevity, the actual visualizations are omitted, but are similar to the visualizations
shown in Supplement S3).

This survey aims to compare different interpretation techniques. In what follows,
blue is positive, white is neutral, and red is negative.

Sentiment classification

Choosing the better model

In this section, the task is to compare two models that classify movie reviews as either positive
(good movie) or negative (bad movie). One model has better predictive accuracy than the other.

In what follows, you will see visualizations of what both models have learned. These visualiza-
tions use different methods of identifying contributions to the final prediction of either individual
words or groups of them. For each model, we show visualizations of two different examples.

In these visualizations, the color shows what the model thinks for individual words / groups
of words. Blue is positive sentiment (e.g. ”great”, ”fantastic”) and red is negative sentiment (e.g.
”terrible”, ”miserable”).

Using these visualizations, please write A or B to select which model you think has higher
predictive accuracy.

Gauging trust

Now, we show results only from the good model. Your task is to compare different visualizations.
For the following predictions, please select which visualization method leads you to trust the model
the most.

Put a number next to each of the following letters ranking them in the order of how much
they make you trust the model (1-4, 1 is the most trustworthy).

MNIST

Choosing the better model

Now we will perform a similar challenge for vision. Your task is to compare two models that
classify images into classes, in this case digits from 0-9. One model has higher predictive accuracy
than the other.

In what follows, you will see visualizations of what both models have learned. These visualiza-
tions use different methods of identifying contributions to the final prediction of either individual
pixels or groups of them. Using these visualizations, please select the model you think has higher
accuracy.
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For each prediction, the top row contains the raw image followed by five heat maps, and the
title shows the predicted class. Each heatmap corresponds to a different class, with blue pixels
indicating a pixel is a positive signal for that class, and red pixels indicating a negative signal.
The first heatmap title shows the predicted class of the network - this is wrong half the time.
In some cases, each visualization has an extra row, which shows groups of pixels, at multiple
levels of granularity, that contribute to the predicted class.

Using these visualizations, please select which model you think has higher predictive ac-
curacy, A or B.

Gauging trust

Now, we show results only from the good model. Your task is to compare different visualizations.
For the following predictions, please select which visualization method leads you to trust the model
the most.

Put a number next to each of the following letters ranking them in the order of how much
they make you trust the model (1-4, 1 is the most trustworthy).

Choosing the more accurate model

Now we will perform a similar challenge for vision. Your task is to compare two models that
classify images into classes (ex. balloon, bee, pomegranate). One model is better than the other in
terms of predictive accuracy.

In what follows, you will see visualizations of what both models have learned. These visualiza-
tions use different methods of identifying contributions to the final prediction of either individual
pixels or groups of them.

For each prediction, the top row contains the raw image followed by five heat maps, and the
title shows the predicted class. Each heatmap corresponds to a different class, with blue pixels
indicating a pixel is a positive signal for that class, and red pixels indicating a negative signal.
The first heatmap title shows the predicted class of the network - this is wrong half the time.
In some cases, each visualization has an extra row, which shows groups of pixels, at multiple
levels of granularity, that contribute to the predicted class.

Using these visualizations, please select which model you think has higher predictive ac-
curacy, A or B.

Gauging trust

Now, we show results only from the more accurate model. Your task is to compare different
visualizations. For the following predictions, please select which visualization method leads you
to trust the model’s decision the most.

Put a number next to each of the following letters ranking them in the order of how much
they make you trust the model (1-4, 1 is the most trustworthy).
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S5 ACD on adversarial examples
The hierarchies constructed by ACD to explain a prediction of 0 are substantially similar for both
the original image and an adversarially perturbed image predicted to be a 6.

Original image

Adversarial image

Figure S3: Example of ACD run on an image of class 0 before and after an adversarial perturbation
(a DeepFool attack). Best viewed in color.
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S6 Adversarial attack examples

Figure S4: Examples of adversarial attacks for one image. Original image (left column) is correctly
predicted as class 0. After each adversarial perturbation (middle column), the predicted class for
the adversarial image (right column) is now altered.
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S7 Generalizing CD to CNNs
Figure S5 qualitatively shows the change in behavior as the result of two modifications made
to the naive extension of CD to CNNs, which was independently developed by [44]. During
development of our general CD, two changes were made. First, we partitioned the bias between
γi and βi, as described in Equation 13.5. As can be seen in the second column, this qualitatively
reduces the noise in the heat maps. Next, we replace the ReLU Shapely decomposition by the
decomposition provided in Equation 13.10. In the third column, you can see that this effectively
prevents the CD scores from becoming unrealistically large in areas that should not be influencing
the model’s decision. When these two approaches are combined in the fourth column, they provide
qualitatively sensible heatmaps with reasonably valued CD scores. When applied to the smaller
models used on SST and MNIST, these changes don’t have large effects on the interpretations.
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Figure S5: Comparing unit-level CD scores to CD scores from the naive extension of CD to CNNs,
independently developed by [44]. Labels under the bottom row signify the minimum and maxi-
mum scores from each column. Altering the bias partition and ReLU decomposition qualitatively
improves scores (e.g. see scores in bottom row corresponding to the location of the crane), and
avoids extremely large magnitudes (see values under left two columns). Blue is positive, white is
neutral, and red is negative. In each case, scores are for the correct class, which the model predicts
correctly (shown on the y axis).
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