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Samenvatting (Dutch Summary)

Moderne AI-systemen brengen aanzienlijke uitdagingen met zich mee om hun
interne werking te begrijpen en hun uitkomsten en gedrag nauwkeurig te controleren.
Dit leidt tot zowel ethische als praktische moeilijkheden bij hun toepassing. We
hebben bijvoorbeeld slechts beperkte kennis van hoe een systeem zich zal gedragen
in een nieuwe, ongeziene omgeving, terwijl dit cruciaal is om veilig gebruik te
garanderen. Evenzo is ons vermogen om gerichte en efficiënte veranderingen in
het gedrag van het systeem door te voeren, zonder ongewenste bijwerkingen te
veroorzaken, beperkt. Gezien de potentiële bijdragen die AI kan leveren aan de
mensheid, behoort het aanpakken van deze kwesties tot de belangrijkste taken
waarmee we worden geconfronteerd.

Op het eerste gezicht lijken deze uitdagingen op het gebied van interpretatie en
controle paradoxaal. Hoe kan de interne werking van een AI-systeem een mysterie
voor ons blijven, terwijl wij degenen zijn die deze systemen ontwerpen en op
computers uitvoeren? Evenzo: hoe is het mogelijk om buitengewoon performante
AI-systemen te bouwen, maar toch moeite te hebben om nauwkeurig te sturen wat
ze leren en of hun gedrag overeenkomt met de bedoelingen van de ontwikkelaar?

In dit proefschrift behandelen we verschillende fundamentele vragen met be-
trekking tot AI-interpretatie en AI-alignment, waarbij we ons uitsluitend baseren
op basisveronderstellingen over AI-systemen. Op basis van dit conceptuele fun-
dament introduceren we onze bijdragen, die conceptueel eenvoudig zijn maar
diepgaande technische implicaties hebben voor zowel interpretatie als alignment.
Deze bijdragen werpen niet alleen licht op belangrijke uitdagingen, maar bieden
ook nieuwe perspectieven en methoden om deze aan te pakken. Naarmate we
vorderen, verbinden we deze kwesties met bredere gebieden binnen AI-onderzoek
en reflecteren we op cruciale momenten in de recente evolutie van het veld.

In dit werk geven we een hoog-niveau uitleg van Deep Learning-systemen om
een gemeenschappelijk begrip te creëren, terwijl we waar nodig gedetailleerde com-
mentaren bieden. Doorheen de discussie benadrukken we belangrijke aspecten van
deze systemen, zoals de structuur van neurale netwerken, de rol van trainingsdata en
de optimalisatieprocessen die leren mogelijk maken. Door conceptuele overzichten
in evenwicht te brengen met gerichte details waar relevant, streven we ernaar een
solide basis te leggen voor onze verkenning van interpretatie en alignment.

Deep Learning-systemen zijn berucht moeilijk te interpreteren. We kunnen elke

berekening binnen het systeem observeren, maar we worstelen om echt te begrijpen

hoe deze berekeningen samenkomen tot betekenisvol gedrag. Deze systemen zijn
in staat om indrukwekkende taken uit te voeren, zoals het besturen van een auto, het
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schrijven van poëzie of het uiteenzetten van wiskundige redeneringen, maar we be-
grijpen niet volledig hoe deze vaardigheden conceptueel worden geïmplementeerd.
Elke individuele berekening in een Deep Learning-systeem is een eenvoudige vorm
van numerieke rekenkunde—maar waar, en hoe, combineren deze berekeningen
zich om concepten als “Ik schrijf nu een haiku” of “Rem voor deze voetganger” te
representeren?

Wat betekent het eigenlijk om een AI-systeem te begrijpen en te interpreteren?
In ons werk nemen we een causale benadering van interpretatie: een interpretatie
moet ons informatie geven over hoe een bepaalde verandering in een invoer het
uitvoergedrag van het AI-systeem zal beïnvloeden.

Onze eerste technische bijdrage op het gebied van AI-interpretatie maakt ge-
bruik van deze causale benadering om bestaande interpretatiemethoden op een
gelijke basis te vergelijken en te benchmarken. Voor ons werk drukten bestaande
methoden die AI-systemen wilden interpreteren deze interpretaties allemaal anders
uit, waardoor het onmogelijk was hun effectiviteit te vergelijken.

In onze zoektocht naar benchmarks voor interpretatie hebben we nieuwe
wiskundige formaliseringen en een raamwerk voor AI-interpretatie bijgedragen,
evenals een nieuwe dataset waarmee de praktische prestaties van interpretatiemetho-
den kunnen worden gemeten. Onze resultaten gaven aan dat geen enkele bestaande
interpretatiemethode bijzonder effectief was, wat het belang van onze bijdrage
onderstreept: we moeten de effectiviteit van interpretaties rigoureus meten en
benchmarken.

Gemotiveerd door dit resultaat hebben we geprobeerd de prestaties van interpre-
tatiemethoden verder te verbeteren. Onze tweede bijdrage in dit veld interpreteert
een AI-systeem met behulp van een secundair AI-systeem. Ons werk toont aan dat
dit zeer effectief kan zijn, wat consistent leidt tot de beste interpretaties in onze
experimenten.

Effectief AI-systemen interpreteren is slechts een gedeeltelijke vereiste voor
effectieve en ethische AI. We moeten er ook voor zorgen dat elk systeem dat we
bouwen in lijn is met de intenties van de ontwikkelaar. Onze bijdrage op het gebied
van AI-alignment bestaat uit een kritische evaluatie van bestaande trainings- en
alignmentmethoden voor AI. Tot onze verrassing ontdekten we dat state-of-the-art
methoden op sommige belangrijke dimensies ernstig ondergespecificeerd waren.
Experimenteel ontdekten we dat dit een aanzienlijke invloed kan hebben op hoe
het systeem zich uiteindelijk gedraagt. We introduceren nieuwe methoden die
hier rekening mee houden, zowel door betere trainingsdata te produceren als door
preciezere trainingsalgoritmen te ontwikkelen, en we vinden dat dit het resultaat en
de precisie van AI-training aanzienlijk kan verbeteren.

Zowel ons werk op het gebied van AI-interpretatie als AI-alignment is gedeel-
telijk gebaseerd op het concept van counterfactual data. Counterfactual data
vertegenwoordigt een "wat als"-scenario; het belichaamt wat er zou zijn gebeurd

als dit of dat anders was geweest [Pearl, 2009b]. Maar er is een addertje onder
het gras: counterfactual data bestaat niet echt. Die kans is verkeken—we kunnen
niet terug in de tijd om dingen te veranderen. Toch echoën de “wat als”-scenario’s
soms luider dan de schreeuw van “wat was”, en deze echo’s hebben ons werk op
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AI-interpretatie en alignment diepgaand beïnvloed.
We beginnen in Hoofdstuk 1 met het introduceren van de fundamentele con-

cepten die nodig zijn om een intuïtief begrip van de huidige generatie AI op te
bouwen, met de nadruk op Large Language Models en hun transformerende impact.
We houden de conceptuele details in deze secties tot een minimum, en reserveren
diepere uitleg voor latere secties waar ze direct relevant zijn. Vervolgens onderzoekt
Hoofdstuk 2 de cruciale vraag van AI-interpretatie, waarbij we verkennen hoe we
complexe modellen transparanter en begrijpelijker kunnen maken, en welke voorde-
len interpreteerbare AI ons daadwerkelijk biedt. In Hoofdstuk 3 richten we ons op
het even cruciale probleem van AI-alignment, waarbij we ingaan op hoe we kunnen
garanderen dat AI-systemen handelen in overeenstemming met de bedoelingen
van de ontwikkelaar. Op basis van deze discussies reflecteert Hoofdstuk 4 op de
overkoepelende bijdragen van dit werk en verbindt de inzichten en vooruitgangen
die in de voorgaande hoofdstukken zijn gepresenteerd.

Voor lezers die op zoek zijn naar diepere technische details, bieden Hoofd-
stukken 5 and 6 een gedetailleerd verslag van onze methodologische innovaties op
het gebied van AI-interpretatie, terwijl Hoofdstuk 7 onze technische bijdragen aan
het veld van AI-alignment presenteert.
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Summary

Modern AI systems pose significant challenges in understanding their inner work-
ings and precisely controlling their outcomes and behaviors, leading to substantial
ethical and practical difficulties in their deployment. For instance, we only have
limited understanding of how a system will behave in a new, unseen environment,
yet this is crucial for ensuring safe use. Likewise, our ability to introduce targeted
and efficient changes to the system’s behavior, without causing undesirable side
effects, is limited. Given the potential contributions AI stands to make to humanity,
addressing these issues is among the most crucial tasks we face.

At first glance, these challenges of interpretability and control seem paradoxical.
How can the inner workings of an AI system remain a mystery to us, when we are
the ones designing and running these systems on computers? Similarly, how is
it possible to build extraordinarily performant AI systems, yet struggle to control
precisely what they learn and if their behavior is aligned with the developer’s
intentions?

In this dissertation, we will address several fundamental question related to AI
Interpretability and AI alignment, relying solely on basic assumptions about AI
systems. Building on this conceptual foundation, we will introduce our contribu-
tions, which are conceptually simple yet carry profound technical implications for
both interpretability and alignment. These contributions not only shed light on key
challenges but also offer new perspectives and methods for addressing them. As we
progress, we connect these issues to broader areas within AI research and reflect on
pivotal moments in the field’s recent evolution.

In this work, we provide a high-level explanation of Deep Learning systems to
establish a common understanding, while offering more detailed commentary when
relevant. Throughout the discussion, we highlight key aspects of these systems, such
as the structure of neural networks, the role of training data, and the optimization
processes that enable learning. By balancing conceptual overviews with focused
details where necessary, we aim to build a solid foundation for our exploration of
interpretability and alignment.

Deep Learning systems are notoriously difficult to interpret. We can observe

every computation within the system, yet we struggle to truly understand how
these computations come together to form meaningful behavior. These systems
are capable of performing impressive tasks, such as steering a car, writing poetry,
or outlining mathematical reasoning, yet we don’t fully grasp how these abilities
are conceptually implemented. Every individual computation in a Deep Learning
system is a simple piece of numerical arithmetic—but where, and how, do these
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computations combine to represent the concepts “I’m writing a haiku now” or
“Brake for this pedestrian”?

What does it actually mean to understand and interpret an AI system? In our
work, we take a causal view of interpretability: an interpretation should give us
some information about how a certain change in an input will cause the AI system
to change its output behavior.

Our first technical contribution in the field of AI interpretability used this causal
view of interpretability to benchmark and compare existing interpretability methods
on an equal footing. Prior to our work, existing methods which aimed to interpret
AI systems all expressed these interpretations differently, making it impossible to
compare their effectiveness.

In our quest to benchmark interpretability, we contributed new mathematical
formalisms and a framework for AI interpretability, as well as a new dataset
which allows for the practical measurement of interpretability performance. Our
results indicated that no existing interpretability methods were particularly effective,
underscoring the importance of our contribution: we need to rigorously measure
and benchmark the effectiveness of interpretations.

Motivated by this result, we sought to further improve the performance of
interpretability methods. Our second contribution in this fields interprets an AI
system using a secondary AI system. Our work show that this can be very effective,
consistently leading to the best interpretations in our experiments.

Effectively interpreting AI systems is only a partial requirement to effective
and ethical AI. We also need to make sure that whatever system we build is
aligned with the intentions of the developer. Our contribution in the field of AI
alignment consists of critically assessing existing training and alignment methods
for AI. To our surprise, we discovered that state-of-the-art methods were grossly
underspecified along some key dimensions. Experimentally, we discovered that this
can severely impact how the system ends up behaving. We introduce new methods
which account for this, both by producing better training data and more precise
training algorithms, and we find this can greatly improve the outcome and precision
of AI system training.

Both our work on AI interpretability and AI alignment is in part predicated
on the concept of counterfactual data. Counterfactual data represents a "what if"
scenario, it embodies what would’ve happened if this or that were different [Pearl,
2009b]. But there is a catch, counterfactual data does not really exist. That ship has
sailed – we can’t go back in time and change things. Yet the echoes of "what if"
can linger louder than the cries of "what was", and the lingering of "what if" has
deeply impacted our work on AI interpretability and alignment.

We begin in Chapter 1 by introducing the foundational concepts necessary to
build an intuitive understanding of the current generation of AI, with an emphasis
on Large Language Models and their transformative impact. We keep conceptual
details to a minimum in these sections, reserving deeper explanations for later
sections where they are directly relevant. Following this, Chapter 2 investigates the
crucial question of AI interpretability, exploring how we can make complex models
more transparent and comprehensible, and what we actually stand to benefit from
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interpretable AI . In Chapter 3, we turn our attention to the equally critical issue
of AI alignment, addressing how to ensure that AI systems act in accordance with
the developer’s intention. Building on these discussions, Chapter 4 reflects on the
overarching contributions of this work, tying together the insights and advancements
presented throughout.

For readers seeking deeper technical details, Chapters 5 and 6 provide a detailed
account of our methodological innovations in AI interpretability, while Chapter 7
presents our technical contributions to the field of AI alignment.
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Overview of Contributions

This thesis expands upon three of the previously outlined papers, chosen for the sig-
nificance of their contributions and their coherent narrative. These papers represent
key advances in AI interpretability and preference optimization, and together, they
form a comprehensive investigation into understanding and improving machine
learning model behavior.

The three papers discussed in this thesis are:

• CEBaB: Estimating the Causal Effects of Real-World Concepts on NLP

Model Behavior,

• Causal Proxy Models for Concept-Based Model Explanations, and

• Anchored Preference Optimization and Contrastive Revisions: Addressing

Underspecification in Alignment.

Below, the contributions made in each paper are summarized, and a personal
contribution statement is provided for each publication.

CEBaB: Estimating the Causal Effects of Real-World Concepts

on NLP Model Behavior

This paper introduces a causal inference framework to evaluate the faithfulness of
explanations of Deep Neural Networks. The key contributions include:

• Motivating the use of causal inference theory to assess explanation faithful-
ness in deep learning models.

• Developing a formalism that unifies various existing interpretability methods
within a causal framework.

• Proposing a suite of metrics to quantitatively evaluate the faithfulness of
interpretability methods.

• Collecting a real-world dataset through crowdsourcing to empirically assess
interpretability methods within Natural Language Processing (NLP) models.

• Publicly releasing all code and data to facilitate further research in this area.

As co-first author, I was heavily involved throughout almost every aspect of
this work. Specifically, I intensely collaborated with the other co-first authors
on the creation of the formalisms, the standardization of interpretability methods,
coding and running experiments, co-authoring the paper, analyzing the results,
open-sourcing the data, and presenting the work at the conference where it was
published. However, I was not involved in setting up the crowdworker annotation
tasks that produced the dataset.
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Causal Proxy Models for Concept-Based Model Explanations

Building upon the causal formalisms introduced in the first paper, this work develops
novel training methods for improving AI interpretability techniques. The main
contributions are:

• Designing two new training methods specifically tailored for AI interpretabil-
ity.

• Establishing a comprehensive suite of comparable baselines to rigorously
evaluate these methods.

• Validating the effectiveness of these novel training methods and baselines on
the same NLP use case introduced in the previous work.

• Ensuring reproducibility by publicly releasing all associated code.

As co-first author, I was heavily involved throughout every aspect of this work
and all the contributions listed above, in intense collaboration with the other co-first
authors. I was solely responsible for presenting this work at the conference in which
it was published.

Anchored Preference Optimization and Contrastive Revisions:

Addressing Underspecification in Alignment

This paper addresses the problem of underspecification in preference optimization
by introducing new techniques for preference data generation and optimization.
The core contributions include:

• Introducing a novel data-generation method for preference learning.

• Proposing a new family of optimization techniques for direct preference
learning.

• Providing motivation for these methods and demonstrating their advantages.

• Conducting extensive experiments comparing these new techniques against
state-of-the-art models.

• Publicly releasing the newly generated datasets and all related code.

As sole first author, I was responsible for every aspect of this work and all the
contributions listed above, with the other authors providing valuable guidance and
advisory support throughout.
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1
Introduction

1.1 Artificial Intelligence

Humans build and use tools. We’ve developed hammers, sewing machines, and
airplanes to manipulate our physical world. Likewise, we’ve developed calculators,
books, and the internet to manipulate our cognitive world. This tool-use has been
profoundly useful and new tools have routinely increased human productivity and
shaped our understanding of the world.

Artificial Intelligence (AI) is the new frontier for tool-building. Certain prob-
lems proved extremely challenging to tackle with conventional tools. Consider
the invention of the programmable calculator, with which the tedious execution
of arithmetic could be automated at unforeseen scales and cost-efficiencies. Its
widespread adoption freed humans from countless hours of boring arithmetic work,
and the new capabilities it unlocked sparked breakthroughs in virtually every scien-
tific field. While arithmetic became the domain of machines, the design and use
of these machines remained a uniquely human endeavor. A calculator does not
solve problems in and of itself; some intelligence1 is required to translate a problem
to programming logic, decide on approximations and initial conditions, use the
calculator, interpret the result, and iterate on the solution if necessary. Intelligence
is a bottleneck, and it is this bottleneck that the field of Artificial Intelligence seeks
to alleviate–producing tools that are more sophisticated and efficient than ever
before.

1The Merriam-Webster Dictionary defines intelligence as "the ability to apply knowledge to manip-
ulate one’s environment or to think abstractly as measured by objective criteria". The Oxford Advanced
American Dictionary defines intelligence as "the ability to learn, understand and think in a logical way
about things; the ability to do this well".
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1.1.1 Impact

The potential impact of Artificial Intelligence is hard to overstate. AI tools are
already making tremendous impacts in high-value task such as drug discovery
[Jumper et al., 2021], computer chip design [Mirhoseini et al., 2021], and education
[Wang et al., 2024a]. In November 2021, when I embarked on this PhD journey,
being able to write good computer code was an essential requirement for any
successful PhD in this field. Just three years later at the end of this PhD, Artificial
Intelligence has matched or even eclipsed the code writing ability of the average
PhD student [Li et al., 2022]. Today, I spend almost no time writing code anymore,
and I spend more time thinking about what my code should look like, how it
should handle edge-cases, and communicating these thoughts to an AI system. As
a result, producing software has never been more accessible across both academia
and industry, significantly lowering the barrier to innovation over the course of just
a few years. It is hard to be pessimistic about the prospects this presents.

These paradigm shifts extend beyond the fields of engineering, math, and
science. Before the advent of the most recent AI tools, virtually every tool used
by a writer, painter, or cinematographer had already undergone some significant
technological innovation. Paint became cheaper and digital word editors streamlined
the writing process. Yet ultimately, the pen (or brush) was still put to paper
by a human; AI is leading us to rethink this requirement [Brown et al., 2020,
Ramesh et al., 2021, Singer et al.]. AI tools are significantly making many of these
disciplines more accessible, allowing individuals with less conventional training or
resources to still render their artistic vision to text, image, or video. It is very hard
to not be excited about a world in which language barriers are trivially transcended
and many more students have access to personalized tutoring.

1.1.2 Issues

A technological shift of this magnitude is sure to cause at least a few hiccups. One
of the most pressing practical issues in AI right now is arguably the crisis in AI
evaluation methodology [Kiela et al., 2021]. The current wave of more-generalist AI
displays a wide range of competent behaviors across various open-ended domains.
As a consequence, chatbots (such as ChatGPT or Claude), image-generator (such
as StableDiffusion and Dall-E), and various related systems are incredibly hard to
evaluate: we need to devise adequate tests across a plethora of domains and we need
to increasingly rely on the most expert humans to come up with tests which match
the capabilities of these systems – this is neither simple nor cheap. Consequences
of ill measurements may be disastrous as accurately measuring the strengths and
weaknesses of AI systems is vital to inform AI policy, ensure safe deployment,
and motivate designs for the next generation of systems. The benchmarks that
we do have are often quickly saturated and can become obsolete in a matter of
months, forcing us to continually invest in more pertinent tests. This investment
has generally not kept pace with the capabilities of these systems.

Powerful technologies have profound ethical implications. It is not clear to what
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extent these tools will be used for misinformation and other nefarious purposes.
It is not clear how AI developers can best guard against misuse, and who gets to
decide (or regulate) what constitutes as a misuse. It is not clear where the data used
to develop proprietary AI models originated from [Groeneveld et al., 2024], and
who actually holds the rights to this data [Doe v. GitHub, 2022]. It is not clear how
the labor markets will react to widespread adoption [Eloundou et al., 2023]. It is
not clear in which contexts we can safely deploy such systems and how we should
best go about testing this [Ganguli et al., 2022], or how we should attribute blame
when something goes wrong.

1.1.3 Interpretability and Alignment

Many of these questions are deeply entangled with our ability to interpret the inner
workings of AI systems. Understanding what is going on internally can teach us
more about what a system learned, if it can be safely adopted, and how we may
want to further engineer it to our liking [Lipton, 2018]. Yet, at first, such a question
may feel paradoxical. If we built the system, and we know how to run it on a
computer, how can its inner workings remain a mystery to us? In the first part
of this dissertation, we will tackle the AI interpretability question and explore its
technical and more philosophical underpinnings. Along this journey, we will ponder
the utility of interpretability, and point towards future research directions.

Our ability to precisely control AI systems carries profound ethical implica-
tions as well, and has been extensively explored in both technical research and
philosophical inquiry [Gabriel, 2020]. Ensuring the alignment of an AI system
with the intentions of the developer is challenging for some of the same reasons
AI interpretability is vexing. In the second part of this dissertation, we will study
the AI alignment problem, again combining both technical and more philosophical
concepts. As a result of our study, we uncovered intuitive (yet previously over-
looked) aspects of the alignment problem which have deep technical implications.
As a result, our contributed methods greatly outperform previous state-of-the-art
methods.

Both our work on AI interpretability and AI alignment is in part predicated
on the concept of counterfactual data. Counterfactual data represents a "what if"
scenario, it embodies what would’ve happened if this or that were different [Pearl,
2009b]. But there is a catch, counterfactual data does not really exist. That ship has
sailed – we can’t go back in time and change things. Yet the echoes of "what if"
can linger louder than the cries of "what was", and the lingering of "what if" has
deeply impacted our work on AI interpretability and alignment.

We begin in Section 1.2 by introducing the foundational concepts necessary to
build an intuitive understanding of the current generation of AI, with an emphasis
on Large Language Models and their transformative impact. We keep technical
details to a minimum in these sections, reserving deeper explanations for later
sections where they are directly relevant. Following this, Chapter 2 investigates the
crucial question of AI interpretability, exploring how we can make complex models
more transparent and comprehensible, and what we actually stand to benefit from
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interpretable AI . In Chapter 3, we turn our attention to the equally critical issue
of AI alignment, addressing how to ensure that AI systems act in accordance with
the developer’s intention. Building on these discussions, Chapter 4 reflects on the
overarching contributions of this work, tying together the insights and advancements
presented throughout.

For readers seeking deeper technical details, Chapters 5 and 6 provide a detailed
account of our methodological innovations in AI interpretability, while Chapter 7
presents our technical contributions to the field of AI alignment.

1.2 Deep Learning

Deep Learning (DL), a subset of Artificial Intelligence, focuses on developing
computer programs that can learn to perform specific tasks without being explicitly
programmed for each scenario [LeCun et al., 2015]. At its core, deep learning
involves developing a model, which is a highly flexible computer program with
the potential to perform useful tasks. Initially, this model starts as an unrefined
system incapable of any meaningful behavior. To unlock this potential, practitioners
collect and curate a dataset that exemplifies the desired input-output relationships
the model should learn to replicate.

The process of developing a Deep Learning system begins by shaping the
training data in order to reflect the specific behavior or task the model is intended
to perform. Next, a learning algorithm is employed to train the model by fitting
it to the provided data [Rumelhart et al., 1986]. This training process is iterative:
the model’s internal computations are gradually adjusted to identify and internalize
patterns within the data. With each iteration, the model improves its ability to map
inputs to outputs based on the examples in the training dataset.

When the learning process is successful, the trained model has effectively
internalized the input-output mapping present in the training data. Hopefully,
this means the model can generalize its learned behavior to handle unseen inputs,
applying the knowledge it gained during training to new and unfamiliar scenarios.
In this way, deep learning enables the creation of systems capable of solving
complex problems, from recognizing images and translating languages to predicting
outcomes and driving autonomous vehicles, with minimal human intervention once
the training is complete.

For many tasks, it has proven far more efficient to allow a model to learn a
solution using representative data, rather than having a developer attempting to
manually implement an approximate solution. In this sense, the role of a Deep
Learning engineer is less about explicitly programming a solution and more about
cultivating one—providing the right conditions, data, and structure for the model to
learn autonomously. This shift toward learning-based approaches offers remarkable
flexibility and scalability. Innovations in model architecture or learning algorithms
can often be seamlessly applied across diverse tasks and domains, enabling break-
throughs to propagate with minimal task-specific adjustments. As a result, Deep
Learning has driven a wave of consolidation in AI techniques, where many tasks
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that once required highly specialized, hand-crafted solutions are now efficiently
addressed using the same or closely related Deep Learning methods [Chung et al.,
2024]. This universality has positioned Deep Learning as a cornerstone of modern
AI development, which is why Deep Learning techniques are the ones primarily
studied in this dissertation.

There is much to learn about Deep Learning, such as the nature of the training
data, the specifics of the optimization procedure, intuitions behind how a system
learns, and how Deep Learning can be applied to generate new data like text and
images. However, we will defer detailed explanations of these concepts for now,
as we will address them in Chapters 2 and 3 when they become relevant. To start,
we will briefly outline what a Deep Learning model looks like in Section 1.2.1,
providing a foundational starting point for our work.

1.2.1 Artificial Neural Networks

ANNs typically consist of three types of layers: an input layer, hidden layers, and
an output layer [Rosenblatt, 1958, Yegnanarayana, 2009]. The input layer takes in
raw data, such as a numerical representation of an images or text. Hidden layers
perform a series of computations to transform the data and extract underlying
features. The output layer then produces the final result, which can have various
shapes. For example, in a classification task, the output might be a label which
identifies whether an image contains a cat or a dog. In regression tasks, the output
could be a continuous value, such as the probability of rain tomorrow. Neural
networks can also be generative [Goodfellow et al., 2014, Sutskever et al., 2014],
producing entirely new content; for instance, they can generate the next pixel in an
image or the next word in a sentence.

In deep neural networks, billions of interconnected computations work together
to transform one single input into one single output. Each computation in the
network feeds into others, forming a large network of transformations that ex-
tracts increasingly abstract features from the raw input data. This interconnected
system enables deep networks to handle highly complex tasks, from translating lan-
guages to generating lifelike images. All of these computations are learned through
an optimization procedure and training data, none of them have been explicitly
programmed.
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2
Interpretability

Deep Learning systems are notoriously difficult to interpret. We can observe every
computation within the system, yet we struggle to truly understand how these
computations come together to form meaningful behavior. These systems are
capable of performing impressive tasks, such as steering a car, writing poetry, or
outlining mathematical reasoning, yet we don’t fully grasp how these abilities
are conceptually implemented. Every individual computation in a Deep Learning
system is a simple piece of numerical arithmetic—but where, and how, do these
computations combine to represent the concepts “I’m writing a haiku now” or

“Brake for this pedestrian”?
It’s actually not even clear if such concepts exist in these systems. Do Deep

Learning models ever develop something akin to these human-interpretable concepts
in their internal computations, or are they solving problems in entirely different
ways? Do these systems learn deep, meaningful truths about the world, or are they
simply performing superficial pattern recognition and exploiting hacks to complete
tasks? To what point is this even a real distinction?

Even more puzzling is the question of influence: which specific training exam-
ples shaped the generation of a particular poem? And in what ways? Which parts
of the internal computations are responsible for a certain error? Despite having
complete access to every computation within these deep system, our understanding
remains astonishingly shallow. This paradox of total observability yet profound
mystery is both frustrating and captivating.

The sheer scale of Deep Learning only adds to the challenge. Making sense
of millions of computations underlying a simple behavior is difficult enough—but
trying to understand billions of computations driving a more complex, general-
purpose chatbot trained on trillions of datapoints seems exponentially harder.
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In this chapter, we expand on the critical topic of interpretability in Deep Learn-
ing systems. In Section 2.1, we outline, and critically asses, the motivations behind
AI interpretability. In Section 2.2, we clarify and operationalize the broad concept
of interpretability, providing a framework for thinking about what it means to
interpret a system, and which trade-offs are inherent to this understanding. Building
on this, Sections 2.3 and 2.4 introduce our key contributions: rigorous methods
for assessing if an interpretation of a system was actually correct. In Section 2.5,
we present our radical approach for improving interpretability: leveraging AI itself
as a tool to analyze and interpret other AI systems. Finally, in Section 2.6, we
summarize our findings, and in Section 2.7, we reflect on some of the paradoxes
inherent to interpretability research.

2.1 The Utility of Interpretability

The lack of interpretability in Deep Learning systems presents significant challenges
to their adoption in real-world applications, and we stand to gain much from
interpretable AI [Lipton, 2018].

2.1.1 Interpretability in Critical Scenarios

In critical use-cases, it is essential to ensure (to the best of our abilities) that a
system behaves as intended across a wide range of unseen tasks or domains. Since
it is impossible to test for every possible scenario, we may want to rely on a deeper
understanding of the inner workings of a Deep Learning system to guarantee that
its behavior aligns with expectations. The ability to audit a system and identify
what went wrong when mistakes occur is equally important.

For critical use-cases, it is often argued that trust in AI systems requires both a
deep insight into the internal operations of such a system, and robust capacity to
audit these [Bereska and Gavves, 2024]. This is how critical software is traditionally
developed today—designed to be understandable by humans, debuggable, and often
even mathematically verified to behave as intended across a range of conditions.
The adoption of AI in critical use-cases marks a significant departure from these
expectations, which understandably raises concerns and skepticism.

2.1.2 Counterarguments for Interpretability

While the potential benefits of interpretability are clear, it’s important to contextual-
ize our desire for AI interpretability. In many cases, a less stringent approach may be
justified. If a system passes rigorous behavioral tests, why bother understanding the
complexities of its internal workings? The Wright brothers’ first powered flight in
1903 was made possible through careful observation, trial and error, and empirical
validation—not by a complete understanding of the theory of aerodynamics, which
was not even fully developed at the time. Through careful engineering, complex
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systems can be made fool-proof enough without a full grasp of every detail of their
operation.

Humans are also not really interpretable. We like to think we are, but we really
are not. When your friend is telling you a story, you have no way of knowing
exactly what is going on at a conceptual level in their brain [Descartes, 1984]. Yet,
this does not stop us from cooperating with friends and colleagues or trusting them
in critical situations. Through repeated behavioral observations, we come to trust
that their internal processes are broadly aligned with our own, and that they will
handle unforeseen situations as best as they can. This trust is not perfect, but we
build up a tolerance for human error. In extremely critical contexts, we strive to
build a fail-safe system around human intelligence instead, making the overall
system safer and more performant.

These stories offer some push-back against the strong case for AI interpretability,
which is often assumed in interpretability research. We can build and eventually
come to rely on AI systems without fully understanding their inner workings.
Rigorous testing across various conditions will form the foundation of this trust,
and we will come to accept that, like humans, these systems are not guaranteed to be
perfect. Following this line of thought, it seems that interpretability is not a required
condition for deploying useful and trustworthy AI systems in most domains.

This is not to say that interpretability is not valuable, we should prioritize
making AI systems more interpretable whenever possible, but it does not always
have to be a stringent requirement.

2.1.3 Other Interpretability Benefits

AI interpretability can offer benefits beyond the practical goals for safety or au-
ditability of systems. From a purely scientific perspective, these highly complex
Deep Learning systems are fascinating objects of study in their own right. The field
of interpretability can drive the development of mathematical and statistical tools
necessary to state and validate claims about the inner workings of these systems,
without a direct link to any practical use-cases.

Furthermore, there is potential for cross-pollination between the study of natural
intelligence and artificial intelligence. Studying natural intelligence is challenging
due to biological and ethical constraints. For example, it’s extremely difficult to
observe the human brain in action, and systematically manipulating its environment
is even harder. Once your friend has told you a story, you can’t rewind their internal
state and place them in slightly different conditions to study how their cognitive
process changes. Moreover, many interventions that could provide deeper insight
into someone’s internal workings would be ethically problematic. In contrast, AI
systems can be endlessly probed, perturbed, and manipulated, making the systematic
study of their capabilities far more accessible. This might allow researchers to
explore hypotheses about how natural intelligence works, although there is no
guarantee to which degree artificial and natural intelligence correspond.

Finally, the study of AI interpretability can protect us from false or misleading
claims about these systems. If someone asserts that “this AI will do X in situation
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Y” or that “computation X represents concept Y in the AI’s reasoning,” we need
the tools to critically evaluate such statements and determine whether they are
valid—or even possible to verify. Without this ability, we risk being misled by a
false sense of understanding, which could lead to reckless decisions and potentially
harmful outcomes. The study of AI Interpretability can thus help ensure that our
trust in AI systems is grounded in reality, not misplaced assumptions.

2.2 What are Interpretations?

What does it actually mean to understand and interpret an AI system? We navigated
the previous section without a rigorous definition, so clearly we already rely on
some intuitive notion of what understanding entails. However, rigorously defining
what it means to understand a system is far from straightforward: as outline above,
AI interpretability encompasses many distinct goals.

2.2.1 The Need for Abstractions

One could summarize all the billions of computations which make up an AI system
with a concise statement such as “This system processes pictures and labels all

images containing a dog” or “This chatbot provides helpful answers to finance-

related questions.” These descriptions are undoubtedly useful, as they reveal a
high-level behavior that would be difficult to deduce from the raw computations
alone. In that sense, such a statement serves as an interpretation of the system,
making its behavior more comprehensible. However, these statements are also
highly abstracted and provide no actionable insight into the system’s internal
mechanisms or how it achieves these outcomes. Additionally, these statements
aren’t always faithful—a chatbot can often give unhelpful answers as well.

In contrast, an exhaustive list of all raw computations provides a perfect-fidelity
representation of a system’s internal workings—but not at a meaningful or useful
level of abstraction. Therefore, it is clear that a good interpretation needs to strike a
balance: it should abstract away enough details to be practical while still offering
non-trivial and faithful insights into the system’s general behavior [Geiger et al.,
2021]. It is important to realize that any abstraction inevitably sacrifices some
degree of fidelity to the underlying system. As a result, all interpretations are wrong,
but some are useful nevertheless.

2.2.2 Conceptual Abstractions

The degree to which an interpretation is useful also greatly depends on who is
the interpreter. A hypothetical super-intelligent entity might fully comprehend all
the raw computations of a system without the need for any additional abstractions.
For human interpreters, however, an intermediate level of abstraction tends to be
optimal [Kim et al., 2018].
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When auditing an AI system in a self-driving car, we might ask why the system
ran a red light in a specific scenario. Explanations framed in terms of concepts like
"the speed of the car behind" or "whether there was a pedestrian in the crossing

ahead" feel intuitive and relatable. Ideally, such concept-level explanations provide
meaningful insights into the system’s decision-making process without sacrificing
too much fidelity to the underlying mechanisms. A truly useful interpretation should
empower us to apply our own reasoning to evaluate whether the system’s behavior
was appropriate in a given context and, if not, to identify what needs to change at a
conceptual level.

2.3 Measuring Interpretations

We already understand that all interpretations are flawed to some extent, but some
are more flawed than others. Interpretations needs to be as faithful as possible given
a certain level of abstraction. Knowing this, how would one go about testing the
accuracy of a given interpretation?

2.3.1 Causal Estimates

If someone claims that an image classifier predicted "dog" for a picture because it
"detected a tail and paws," what does this statement really mean? Essentially, they
are asserting that "the detection of a tail and paws caused the AI system to predict a

dog."

This causal framing provides a pathway to test the validity of the interpretation
[Pearl, 2009a]. Hypothetically, you could revisit the image in question and modify it
systematically to evaluate the role of the concepts in question. Experimentally, you
might edit the image to include a cat’s tail to see if it distracts the classifier, or crop
out the paws entirely to assess their importance. After running such experiments,
you might find that tails and paws were irrelevant, and the system’s predictions
actually depended on detecting features like ears or a snout. Alternatively, you
might discover that no clear and satisfying interpretation exists that explains the
system’s behavior in terms of these concepts.

Regardless of the outcome, by framing an interpretation as a causal statement,
we establish a method for verifying whether it truly reflects the underlying system
behavior. This approach moves beyond speculation and provides a more rigorous
framework for evaluating explanations.

2.3.2 Counterfactual data

More specifically, a causal interpretation can be verified by using counterfactual

data [Pearl, 2009a]. Counterfactual data represents "what if" scenarios, such as
"what if the paws weren’t visible" or "what if the pedestrian ahead of us was not

yet crossing the street." These hypothetical scenarios can verify if the interpretation
faithfully represented the system. However, counterfactual data doesn’t truly exist,
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any data point we observe is (by definition) factual. If a pedestrian was already
crossing the street, we cannot go back in time and observe what would have
happened if they had not. The real counterfactual is forever out of reach [Holland,
1986].

Luckily, counterfactual data can be approximated [Imbens, 2015]. This is what
we did in the earlier example by systematically altering the representation of certain
concepts, like removing the paws or substituting them with other features. Using
these approximations, we can empirically test the validity of causal interpretations
and gain a better understanding of the system’s behavior.

2.4 Benchmarking Interpretability Methods

What can we do with our newfound insights into AI interpretability? When we first
engaged with this question, the field of AI interpretability was highly fragmented.
Numerous desiderata were being actively debated in the literature, and a wide
array of practical methods, all chasing a different flavor of interpretability, were
competing for attention. There was little clarity on how to consolidate these methods
or establish a grounded framework for assessing how well they interpreted a system.

To address this gap, we set out to create a more unified understanding, leveraging
our insights into measuring causal interpretability through counterfactual data
[Abraham et al., 2022]. In the sections that follow, we outline this work conceptually,
leaving the full technical details for Chapter 5.

2.4.1 Formalizing Interpretability Methods

Since there was no universally agreed-upon mathematical definition for an inter-
pretability method [Goyal et al., 2020, Künzel et al., 2019, Kim et al., 2018, Yeh
et al., 2020, Ravfogel et al., 2020, Feder et al., 2021b], our first step was to construct
our own formalism. We formalized concept-level interpretability methods through
the lens of causal estimators [Pearl, 2009a], incorporating many of our insights
described above. Conceptually, these causal estimators measure how much an AI
system’s output would change in response to a concept-level modification of its
input [Abraham et al., 2022].

As illustrated earlier, such a method could estimate how much less likely an AI
system is to predict "dog" if the paws in an otherwise typical picture of a dog are
obstructed. In this way, a concept-level causal estimator quantifies the causal effect
of the concept (e.g., paws) on the system’s output.

Formally, we defined a concept-level interpretability method as a function that
takes three inputs: (i) an AI system, (ii) a specific input to this system, and (iii)
a description of a concept-level modification to that input [Abraham et al., 2022].
The method then outputs a predicted change in the system’s behavior, effectively
answering a "what if" question regarding the relationship between the concept and
the system’s output.
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2.4.2 Standardizing Interpretability Methods

To study popular interpretability methods within our framework, we first had to
retrofit these methods to correspond with our definition of a concept-level causal
estimator. For instance, one widely used interpretability method sought to explain a
system’s behavior by approximating it with a simpler, more interpretable statistical
model [Künzel et al., 2019, Goyal et al., 2020]. While this method does not directly
answer counterfactual questions, we can extract such predictions by manipulating
the variables in the statistical model that correspond to the concepts of interest. The
reasoning is straightforward: if the statistical model is a good approximation of the
system, then concept-level changes in the statistical model should approximate the
corresponding concept-level changes in the system itself.

2.4.3 Faithfulness metrics

To evaluate whether a predicted causal effect is faithful to a system, we need a
metric to quantify how much the prediction corresponds with a real causal effect.

Classifier AI systems typically output a probability for each class. A causal
effect for a classifier system will thus consists of the difference in probabilities for
each class, representing the change in behavior due to the counterfactual scenario.
Specifically, this difference in probabilities tells us how much more or less likely a
particular class will become as a result of the change [Goyal et al., 2020].

We devised several new metrics to assess exactly how well a predicted change
aligns with an actual change. These metrics measure different attributes of success,
such as how well an interpretability method can predict which classes are likely
to increase or decrease in likelihood, or how much likelihood is displaced across
classes.

2.4.4 Counterfactual Dataset

To use these metrics, we needed to be able to actually measure a real change in the
system behavior due to a concept-level change in the input. To do this, we created a
large real-world dataset with many approximated counterfactuals [Abraham et al.,
2022]. Specifically, we took written restaurant reviews and used human annotators
to rewrite several parts of these reviews to alter the information they expressed
about specific aspects of the dining experience. This process resulted in a dense
clustering of factual restaurant reviews and counterfactual manipulations.

Each counterfactual review represented an answer to a specific "what if" ques-
tion, such as, "What would the original reviewer have written if everything in the

restaurant was the same, but the service was worse?"

2.4.5 Results

We trained several Language Models [Devlin et al., 2019, Liu et al., 2019, Hochreiter
and Schmidhuber, 1997] to predict the 5-star rating associated with each restaurant
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review. The task of an interpretability method was to estimate how the predicted
rating would change due to a changing aspect in the input. We used the human-
created counterfactuals to verify how the prediction actually changed.

We found that, across six popular interpretability methods [Goyal et al., 2020,
Künzel et al., 2019, Kim et al., 2018, Yeh et al., 2020, Ravfogel et al., 2020, Feder
et al., 2021b] and one simple baseline [Abraham et al., 2022], the baseline actually
produced the most accurate interpretations. This was a striking and unexpected
result, but it validated our initial instinct to consolidate and systematically compare
different interpretability methods. Without a rigorous mathematical definition and
an experimental framework to evaluate the effectiveness of these methods, there is
little hope of developing adequate tools for interpreting AI systems. We saw our
work as a rallying cry to approach AI interpretability with greater precision, rigor,
and a commitment to validating interpretability methods before adopting them.

2.5 Learning to Interpret

Given the underwhelming performance of off-the-shelf interpretability methods,
a natural question arises: can we do better? After all, a key motivation behind
our experimental framework and data was to actually advance the field of AI
interpretability.

2.5.1 Interpreting AI with AI

One unconventional approach is to use a second, auxiliary AI system as the in-
terpretability method [Wu et al., 2023]. At first glance, this idea might seem
counterintuitive or even controversial—it appears to shift the problem of inter-
pretability to yet another AI system, which itself may be just as opaque as the
original. However, the primary goal of an interpretability method should be to
produce accurate estimates, regardless of how these estimates are created [Abraham
et al., 2022]. Thus, it is perfectly valid to use a secondary AI system to estimate
changes in a primary system [Wu et al., 2023].

2.5.2 Training an AI Interpreter

We implemented this approach by using a secondary AI system that takes the same
factual input as the original system, along with a description of a "what if" scenario.
This secondary system is trained to predict how the original system would respond
under the hypothetical condition [Wu et al., 2023].

To train such a system, we used some of our counterfactual restaurant reviews
as training examples [Abraham et al., 2022]. This way, we were able to calibrate
the secondary AI system on some real examples of how the primary system re-
sponded to changes. We also calibrated existing interpretability methods with this
counterfactual training data [Künzel et al., 2019], to make the comparison with our
AI interpreter fair.
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2.5.3 Results

Our AI-as-interpreter system produced much more faithful interpretations, better
estimating how the original AI system would respond to a hypothetical situation
compared to conventional interpretability methods. Our work pioneered the use
of Deep Learning to interpret Deep Learning, and we rigorously validated this is
effective. Additionally, we motivated the use of counterfactual data as an explicit
training signal for interpretability methods.

2.6 Conclusions

We formalized off-the-shelf interpretability methods as causal estimators and lever-
aged approximate counterfactual data to evaluate the faithfulness of their interpre-
tations, developing an experimental framework to support this evaluation. Our
findings revealed that conventional interpretability methods performed worse than
a simple baseline, underscoring the need for rigorous evaluation in the field of
AI interpretability. To address this, we demonstrated how performance could be
significantly improved by training a secondary AI system specifically to produce
faithful interpretations.

The idea of causally evaluating interpretability methods is gaining traction
within the interpretable AI community. For example, in May 2023, OpenAI re-
leased a paper in which a GPT-4 model was used to automate the interpretation of
components of GPT-2’s computations [Bills et al., 2023]. In a subsequent project,
we applied the same notions of causal interpretability to test these GPT-4 generated
interpretations [Huang et al., 2023] (this project was not included in this dissertation,
as I was not a lead author). Strikingly, our findings revealed that almost none of
the interpretations held up under rigorous validation. This result underscores the
critical importance of accurately measuring the validity of interpretability methods
and serves as a cautionary tale: even in large, well-funded labs, it is alarmingly
easy to mislead oneself into believing that interpretations are meaningful when they
are not.

2.6.1 Future Work

The idea of training AI systems to interpret other AI systems is gaining significant
traction in the field. An interesting approach involves the use of Sparse Autoen-
coders (SAEs) [Ng et al., 2011] to interpret neural networks. These SAEs are
designed to take internal representations formed by an AI system and learn to
disentangle the information encoded within these representations [Bricken et al.,
2023]. This process offers a novel perspective on how such representations can be
understood and analyzed. Notably, one of the first major efforts in this direction
was spearheaded by Anthropic.

However, a critical challenge remains: the causal efficacy of these interpreta-
tions is not always rigorously evaluated. Simply producing a new perspective on an
AI system’s internal representation does not necessarily mean that the perspective
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is meaningful or actionable. For example, even if an SAE is able to disentangle a
concept like "cat" from a particular internal representation, it is essential to assess
whether this disentanglement is causally faithful—that is, whether the interpretation
accurately reflects the underlying mechanisms of the system. As discussed in
Section 2.3, such causal faithfulness is a key metric for evaluating interpretability
methods.

Beyond merely measuring the effectiveness of SAEs, a more ambitious goal
would be to train them to generate even more insightful or actionable interpre-
tations. This could potentially be achieved by incorporating counterfactual data,
as suggested in Section 2.5. By exposing SAEs to counterfactual scenarios, we
could refine their ability to produce interpretations that not only align with the
underlying system but also provide practical utility in understanding and controlling
AI behavior.

2.7 The Paradox of Practical Interpretability?

We began our study of interpretability by outlining several motivations for inter-
pretable AI. Some of these motivations are practically oriented, such as understand-
ing potential failure modes in a system, assessing its safety for deployment, or
allowing stakeholders to build trust in the system’s behavior.

Through our work, we have come to understand that interpretations are in-
herently abstractions of the underlying system. To ensure that an abstraction is
meaningful, we must rigorously validate its efficacy. This implies that whenever
we aim to use interpretability for a practical purpose, we must dedicate additional
effort to evaluate whether the interpretations are accurate themselves. Ironically, the
effort required to validate practically-motivated interpretability could be redirected
toward direct behavioral testing, potentially achieving the same practical goals
without relying on interpretability.

This tension resembles somewhat of a paradox: it is not clear whether inter-
pretability offers unique value for practical applications that could not be achieved
through more direct methods. Lipton (2017) discusses several facets of AI in-
terpretability, highlighting interpretability’s primary motivation as the ability to
capture aspects of a system’s behavior that are otherwise difficult to measure. Yet
our findings underscore the necessity of validating interpretations, which in and of
itself requires measurement.

This is not to say that interpretability has no value; rather, it is important to
contextualize its role as a solution to practical problems. We discussed its practical
applications, as well as other, less practical desiderata, such as the purely scientific
value of interpretability as a field of study. Exploring interpretability for its potential
to deepen our understanding of AI systems and their internal mechanisms remains a
compelling and worthwhile direction, even when immediate practical utility could
be limited.
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Alignment

The exact behavior of a Deep Learning system emerges as the outcome of an
optimization process. This process is directly guided by the Deep Learning engineer,
who determines the objective of the optimization, curates the data it operates on,
and designs the system’s architecture. Through these choices, the engineer attempts
to encode their intended goals for the system into the optimization process, aiming
to produce desirable characteristics and behaviors in the resulting model. However,
this process only indirectly shapes the system’s actual behavior. If the engineer
does not have direct control over the emergent behavior, how can we ensure that it
is aligned with their intended goals [Gabriel, 2020]? Studying this question is an
important focal point for both engineering and philosophy, given the broad potential
impact of AI and the cost of misalignment.

Section 3.1 examines the impact of AI alignment, while Section 3.2 discusses
methods for detecting alignment issues. Section 3.3 explores some potential causes
of alignment issues, and introduces the concepts of imitation learning and preference
learning. In Section 3.4, we motivate our new approach to training data for improved
alignment, while Section 3.5 introduces our novel optimization procedures to
better control alignment outcomes. In Section 3.6, we outline our experimental
contributions and summarize our findings in Section 3.7.

3.1 Impact of Alignment

Every instance of imperfect behavior in a Deep Learning system reflects some
degree of misalignment, since no engineer sets out to create a system that fails to
perform as intended. While this broad perspective may lack precision, it underscores
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how pervasive and impactful the alignment question is.
To illustrate, consider a system designed to optimize for mathematical problem-

solving performance. There are numerous reasons why such a system might fail to
meet expectations, including gaps in the training data, architectural limitations, or
the exploitation of unintended shortcuts during optimization. Investigating these
misalignments in depth is key to achieving better performance in the future.

In a more popular context however, the alignment problem refers to extreme
(often fictional) scenarios in which powerful AI systems cause catastrophic out-
comes due to unforeseen discrepancies between their intended and actual behavior.
One illustrative example (which has become something of a cliché at this point)
imagines a highly capable AI tasked with maximizing the output of a paperclip
factory [Bostrom, 2014]. In its pursuit of this objective, the AI could theoretically
decide to enslave or eradicate humanity, interpreting these drastic measures as the
most effective way to achieve its goal. A slightly more elaborate exploration of
such dilemmas can be found in Isaac Asimov’s science fiction classic I, Robot,
where advanced AI systems with seemingly straightforward objectives consistently
produce unintended, undesirable outcomes [Asimov, 2004]. These cautionary tales
highlight the critical importance of ensuring AI systems remain aligned with hu-
man values and intentions, even as their power and autonomy grow. Currently,
the more doomsday-oriented aspects of alignment firmly remain in the realm of
science fiction. Yet, with the rapid advancements in general-purpose Artificial
Intelligence, considerable resources have been devoted to studying these scenarios
both practically and philosophically [Center for AI Safety, 2024].

Regardless of such long-term concerns, there are immediate and tangible harms
associated with the deployment of these technologies today. AI systems can already
be used to amplify misinformation, enable hacking, and facilitate plagiarism [Bom-
masani et al., 2021]. As a result, there is significant value in addressing alignment
challenges now—both to enhance the long-term development of these systems and
to mitigate the specific harms they can pose in their current forms today.

3.2 Detecting Alignment Issues

First, the question arises of how and when we can detect alignment issues to guide
system deployment and implement safeguards against worst-case outcomes. This
concern closely parallels the question of interpretability’s utility, as discussed in
Chapter 2. Once again, there appears to be no silver bullet for understanding
precisely what a Deep Learning system is doing and ensuring its harmlessness in
unforeseen environments—it’s very hard to account for unknown unknowns. As
a result, the most pragmatic approach seems to be extensive behavioral testing
[Ganguli et al., 2022]. Through targeted testing, we can develop sufficiently
deep insights into the system’s behavior across a wide range of representative
environments. While some level of uncertainty will always remain, this approach
allows us to make informed decisions, trusting that the benefits of deploying the
system will outweigh the potential risks.
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3.3 Preventing Alignment Issues

While behavioral testing seems the most fruitful strategy for detecting and mitigat-
ing alignment risks, the natural next question is how—and to what extent—these
scenarios can be prevented in the first place. Whether we are addressing immediate
harms or preparing for long-term risks, the technical challenge remains fundamen-
tally the same: the designer intended the system to be safe and effective, yet it
falls short of this ideal. Something in the process—whether in the design, training,
or deployment—must have gone amiss [Amodei et al., 2016]. Identifying and
addressing these points of failure is crucial to ensure that AI systems behave as
intended. In order to understand how these points of failure arise and how they can
be addressed, we need to first delve into imitation learning and preference learning.

3.3.1 Imitation Learning

Imitation learning has typically been the dominant optimization paradigm for Deep
Learning systems [Hussein et al., 2017]. As the name suggests, imitation learning
adjusts the system to mimic the patterns in the training data as closely as possible.

Unfortunately, data is never perfect. Even in high-quality datasets, undesirable
or irrelevant patterns often persist, often deeply intertwined with useful ones, mak-
ing them hard to eliminate entirely. This challenge becomes especially pronounced
in open-ended tasks with modern AI systems, such as authoring books or composing
music, where no single demonstration is ever truly perfect—each contains both
desirable and undesirable patterns. Imitation learning inherently forces us to accept
both the good and the bad, potentially causing alignment problems or otherwise
suboptimal training outcomes.

3.3.2 Preference Pairs

Data is never perfect, but some datapoints are better than others—every demonstra-
tions has some less desirable patterns, but some demonstrations are more desirable
than others. By comparing two data points, we can isolate specific patterns from
the whole. Instead of learning from a single output per input, as is done in imitation
learning, we can focus on the difference between two valid outputs. Rather than
learning from one good example, we can learn why one example is preferred or
better than another [Christiano et al., 2017].

In this comparison-based approach, any pattern that does not meaningfully
differ between the paired examples did not contribute to our preference. This gives
us an improved ability to point to specific patterns within data points and express
if we think they are desirable for a system to internalize. Such preference-pairs
contain far more nuanced information than unpaired examples, enabling us to be
much more specific and precise with our optimization.

In some domains, it is cumbersome for a human to demonstrate desirable
behavior directly, but much easier for them to select the better of two AI-generated
demonstrations. For instance, the AI might attempt a certain video game scenario
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multiple times, and the human can select the most successful trial. The AI is then
optimized to perform more like the selected demonstration. In this context, we say
the AI is reinforced based on the reward signal provided by the human [Sutton and
Barto, 1999].

The application of Reinforcement Learning from Human Feedback (RLHF)
[Christiano et al., 2017] to Large Language Models has been a key factor in the
success of systems like ChatGPT [Ouyang et al., 2022]. Given the complexity of
the behaviors we want these systems to exhibit, sourcing human demonstrations
can be challenging and resource-intensive. Instead, having human experts compare
multiple AI-generated attempts and select the best one can be a more scalable and
effective approach. RLHF has also played a critical role in training AI assistants
to be safe, harmless, correct, and helpful [Bai et al., 2022]. These attributes are
often difficult to demonstrate through singular examples—and may even conflict
with each other—but paired comparisons can effectively capture subtle distinctions,
such as one response being more helpful or accurate than another.

The success of RLHF in ChatGPT has established preference-learning as a
cornerstone technique, alongside imitation learning, for nearly all state-of-the-art
general-purpose AI systems [Bai et al., 2022, Ouyang et al., 2022, Dubey et al.,
2024]. The field has quickly iterated on many aspects of RLHF and explored
diverse ways to source and learn from preferences. Notably, these preferences do
not always need to be created by humans. Instead, a more advanced AI system can
be employed to express preferences, a method known as Reinforcement Learning
from AI Feedback (RLAIF) [Bai et al., 2022]. This approach works particularly
well when the AI system making the judgments has an advantage over the system
generating the demonstrations, for instance, by being more powerful or using
additional resources such as human-designed rubrics to guide its decisions [Gu
et al., 2024].

3.3.3 Preference Learning

Learning from these preference-pairs, however, necessitates a fundamentally dif-
ferent optimization strategy than the standard approach used in imitation learning.
Generative Deep Learning systems, such as Language Models, are traditionally
optimized to produce their output step by step [Radford and Narasimhan, 2018].
Specifically, Language Models are trained to predict the next part of a word, known
as a token, given all the tokens that came before it. This token-level optimization re-
duces the challenge of imitating an entire example, such as a sentence or paragraph,
into a series of smaller, manageable tasks: learning to predict and imitate one token
at a time [Sutskever et al., 2014]. Once trained, the model generates sentences
by iteratively predicting the next token based on the sequence so far, continuing
this process until a stopping condition, like the end of a sentence or paragraph, is
reached.

Unfortunately, token-level imitation learning falls short when working with
paired data [Ouyang et al., 2022]. Consider two poems that share the same theme
but are expressed with completely different phrasings. Even if one poem is preferred
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over the other, it would be nonsensical to claim that the fifth word in the first poem
is inherently better than the corresponding word in the second. Similarly, two
mathematical proofs may differ only slightly in their phrasing, yet some of these
differences might be inconsequential, while others could fundamentally alter the
proof’s validity. In general, preference-pairs cannot be easily reduced to token-level
preferences, unlike imitation learning examples, which can be broken down into
token-by-token tasks. Since Language Models inherently generate output token
by token, we must ultimately find a way to bridge the gap and adapt preference
learning into a form that corresponds with this token-level generation process.

One empirically successful method for learning from preferences involves the
use of a secondary AI system, referred to as a Reward Model, to extract insights
from a large set of paired comparisons [Christiano et al., 2017, Ouyang et al.,
2022]. Ideally, this Reward Model captures the underlying qualities that make one
example better than another, effectively internalizing the concept of "goodness."
Once trained, the Reward Model can estimate the utility, or "goodness," of partially
completed outputs. This effectively translates the example-level preferences into
token-level utilities. This estimated reward can then be used to guide the initial AI
system, steering it towards generating the next token that is more likely to result in
higher overall utility [Schulman et al., 2017]. This was the methodology used in the
initial application of Reinforcement Learning from Human Feedback to ChatGPT.

The additional effort of training a secondary AI system makes this method
cumbersome. In response, Direct Preference Optimization (DPO) was developed
[Rafailov et al., 2024b]. At a high level, the DPO objective states that the optimiza-
tion procedure should increase the likelihood of generating the better example more
than the worse example in the pair. While the likelihood of an entire example is
derived from the product of likelihoods for each next-token prediction, the DPO
objective does not dictate how the likelihoods of individual tokens should shift
[D’Oosterlinck et al., 2024]. Instead, it only requires that the overall likelihood of
the preferred example increases more during training than that of the less-preferred
example, leaving token-level adjustments flexible.

Through the lens of imitation learning, DPO essentially encodes that the better
example should be imitated more than the worse example during training. Em-
pirically, this approach has proven to be highly successful [Dubey et al., 2024],
offering a more practical alternative to the more cumbersome method of using a
Reward Model. Many derivatives of this objective have been explored and have
found widespread success in both industry and academia [Wang et al., 2024b].

Creating preference-pairs and effectively learning from them unlocks more
precise Deep Learning training, making it an invaluable piece of the alignment
puzzle. In the field of Large Language Models, these techniques have become
almost synonymous with the more abstract goal of alignment. The success of
alignment techniques has been extensively verified empirically across a variety
of tasks [Dubey et al., 2024]. Virtually every chatbot you’ve interacted with has
undergone such an alignment step, in addition to the more conventional pre-training
and fine-tuning processes [Dubey et al., 2024, Bai et al., 2022, Ouyang et al., 2022].
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3.4 Precise Preferences

When we began studying the alignment problem, the field was eager to get their
hands on all kinds of preference-pairs. However, upon inspecting some of these
preferences [Cui et al., 2024], we quickly realized that not all preferences are created
equally. The ability of pairs to convey more nuanced signals does not necessarily

mean they always do. In preference-learning, the underlying comparisons need to
be of high quality for the preference to make sense [D’Oosterlinck et al., 2024].
In preference-learning, you can have a low-quality comparison between two high-
quality examples, or a high-quality comparison between to low-quality examples.
This is in stark contrast to the imitation learning paradigm, where the unpaired
datapoints themselves needs to be of high quality [Hussein et al., 2017]. While some
comparisons can provide valuable insights, others can be entirely uninformative or
even misleading.

3.4.1 Minimally Contrastive Preferences

We asked ourselves the question: "What makes a comparison useful?" If I tell you
that I much prefer to eat pizza to cobblestone, you’ve gained very little insight
into my dietary preferences. However, knowing that I prefer my pizza wood-fired
with a thin crust provides much more meaningful information. In both cases, the
preference is valid – I like one thing more than the other – but the nature of the
underlying comparison differs greatly [D’Oosterlinck et al., 2024]. When the items
being compared are drastically different, we might be comparing apples to oranges
(metaphorically speaking; literally comparing apples to oranges would actually
be valid in the context of our dietary example). Ideally, a preference-pair should
highlight a clear distinction along a few dimensions while keeping all other factors
constant. We call such a comparison minimally contrastive. This insight turned out
to be a key contribution of our work on alignment.

Our concept of minimal contrasts is closely related to the notion of counterfac-
tual data [Pearl, 2009a], which we explored in Section 2.3 to study and improve
interpretability methods for Deep Learning systems. Counterfactual data seeks
to answer "what if" questions by keeping all but one concept fixed and observ-
ing what changes. Certain what-ifs simply cannot be answered with factual data
alone, as the context needed to answer them is purely hypothetical and not nec-
essarily represented in factual data [Holland, 1986]. The same principle applies
to preference-pairs: if the two examples differ too widely, it becomes impossible
to determine which specific difference led to one being preferred. Even worse,
preference-pairs can contain spurious differences that undermine learning, much
like spurious patterns in unpaired data can disrupt imitation learning [Geirhos et al.,
2020]. If one example in the preference-pair would be a counterfactual of the other
pair, their comparison would be incredibly nuanced and the amount of spurious
differences would be minimized.

This important dimension of contrastiveness was not taken into account in
previous work, and as a result, existing preference datasets can vary widely in
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their contrastiveness. For example, people can make preference judgments by
comparing two answers coming from either the same AI system or from different
AI systems. Statistically, we can expect both answers to be more comparable when
they originate from the same model. Additionally, people are collecting preference
data from the internet using various assumptions. For instance, the preferences
mined from targeted Wikipedia edits will differ widely from preferences created by
comparing the number of upvotes on internet comments responding to the same post
[Ethayarajh et al., 2022]. We contributed the idea that this minimal contrastiveness
is an important part of the alignment story.

3.4.2 Revisions

Now that we understand the preference comparison needs to be relevant, how can
we go about obtaining such high-quality preferences? One approach is to ensure
that the initial demonstrations, which will later be judged to select the preferred
one (either by a human or an AI system), are minimally contrastive from the outset
[D’Oosterlinck et al., 2024]. This could involve designing a filtering procedure to
identify and select demonstration pairs that embody clear, meaningful differences
while minimizing irrelevant variability.

Alternatively, we could actively construct minimally contrastive preferences
ourselves. Instead of presenting two demonstrations to a judge for comparison, we
can create a preference-pair by minimally revising one demonstration to improve
it. The original demonstration and its revision form a preference pair where the
revision is the better demonstration. These revisions could be performed by a
human annotator or another AI system, just like judgments can be performed by
both humans or stronger AI systems. In our work [D’Oosterlinck et al., 2024],
we decided to use an AI reviser to create minimally contrastive preference pairs
through targeted revisions, introducing the method of Contrastive Learning from

AI Revisions (CLAIR). Using an AI reviser offers greater control over the data
creation process and is far more cost-effective than relying on human annotators
for revisions.

Empirically, we validate that the preferences produced by CLAIR indeed form
better contrasts compared to a conventional judgment-based method. Conceptually,
there is another reason why CLAIR preferences may be more desirable compared
to judgment-based preferences. If an AI system initially performs really poorly
on a task, almost all of its demonstrations will be incorrect. It may take many
iterations of judgments and training before the system becomes slightly better. In
contrast, revisions allow a flawed example to be significantly improved in a single
step. This means the resulting preference pairs generated through revisions are
likely to contain higher-quality examples on average, potentially accelerating the
learning process.

Any additional effort we invest in obtaining better preference data must justify
the incremental gains it brings. This is well summarized by "the bitter lesson" of
Machine Learning: simple methods that scale well with data and compute tend to
outperform more advanced methods that do not [Sutton, 2019]. Fortunately, CLAIR
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is not significantly more expensive than previously used alternatives for preference
data. Producing revisions via an AI system or human annotator can even be more
cost-effective: sometimes it is easier to fix one mathematical reasoning instead of
comparing two distinct reasonings.

Starting from a critical analysis into the information conveyed by a preference-
pair, we have advanced the field’s general understanding of preference learning
by emphasizing the importance of meaningful contrasts in preference data. Our
method, Contrastive Learning from AI Revisions (CLAIR), produces higher-quality
preference data at comparable costs to existing approaches.

3.5 Anchored Alignment

While engaging with this work on alignment, we discovered that this important
dimension of contrastiveness was not the only thing missing in alignment work.
There is more we can learn from investigating simple better-than preferences.

3.5.1 What You Know Impacts How You Learn

High-quality contrasts are necessary, but the relationship between the preferences
and the system needs to be accounted for as well [D’Oosterlinck et al., 2024]. If you
already understand that humans typically don’t enjoy eating rocks, my preference
for pizza over cobblestone is redundant. However, if you lack any knowledge
about humans, this preference might actually be quite insightful. The utility of
the information a system can extract from a preference—and how to optimize this
system—is deeply entangled with how much the system already knows.

To us, this feels intuitive. We know that different students will respond differ-
ently to the same information. It is important to stress that this is not the intuition
embodied by the conventional imitation learning paradigm. In imitation learning,
we collect examples of good behavior [Hussein et al., 2017]. A core assumption
here is that an infinite amount of good demonstrations will eventually cause any
student to successfully imitate the desired behavior, regardless of initial competence
(given the student has enough raw capacity to learn). Of course, stronger students
will learn more efficiently, but in the limit of infinite data all students should learn
meaningful behavior.

Preference-learning is fundamentally different. You could waste an eternity
explaining the difference between Cajun and Creole cuisine to an amateur chef, if
they don’t know how to fry an egg your subtle nuances will be lost. An infinite
amount of high-quality comparisons does not guarantee good eventual behavior,
the comparisons need to be relevant to the student [D’Oosterlinck et al., 2024].
This represents a significant departure from the intuition underlying the imitation
learning paradigm.

If we want to optimize a system using preference-pairs, we can gather the
underlying demonstrations from various sources: humans, other AI systems, or
even directly from the system we intend to optimize [Cui et al., 2024, Bai et al.,
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2022, Ouyang et al., 2022, Dubey et al., 2024]. While all these approaches can
produce meaningful preferences and interesting comparisons (especially if they are
minimally contrastive), they vary in relevance to the system being optimized.

Demonstrations sampled directly from the target system, often referred to as
on-policy data, are typically the most relevant since the resulting preferences are
directly tied to the system’s existing capabilities. However, it is also valuable to
extract insights from off-policy preferences—those derived from demonstrations
generated by other sources, such as different AI systems or humans. Balancing these
sources raises an important question: how does the relevance of the preferences
influence the way the system should learn from them? At the time we engaged with
this work it was already well-understood that on-policy data was generally more
relevant than off-policy data, but nobody accounting for this relevance during the
optimization procedure.

Humans naturally treat each learning opportunity relative to their current level
of understanding. Imagine a classroom scenario where two answers to the same
exam question are presented: one answer is good and one is even better. For a
good student, understanding the difference between "good" and "great" is the most
productive way forward. For a novice, the subtle distinction between "good" and
"great" might be overwhelming, and simply learning to imitate either answer would
be the most crucial first step. Conversely, an extraordinary student may find even
the great answer lacking. While they can still extract useful insights from the
comparison, imitating either answer would amount to regressing in their abilities.
Here, the degree of imitation learning that is performed next to preference learning
greatly impacts the outcome of the learning process.

The simple yet powerful notion—the optimal learning procedure is dependent
on the relationship between a system and the preferences—was missing from
conventional alignment objectives [Rafailov et al., 2024b]. Incorporating this
principle into our work is one of our major contributions to the field.

3.5.2 Anchored Preference Optimization

To this end, we sought to develop practical preference learning methods to address
this issue. First, we note that it is impossible to completely separate imitation
learning from preference learning when optimizing a system. Even if the system
exclusively learns from "A is better than B" comparisons, the training process
ultimately adjusts the likelihood of generating either demonstration [D’Oosterlinck
et al., 2024]. Therefore, the effects of preference learning can be examined by
analyzing the degree of imitation or avoidance induced by training on specific
demonstrations.

The Direct Preference Optimization (DPO) objective [Rafailov et al., 2024b],
one of the most successful alignment objectives, encodes preference learning as
"imitate A more than B". This fully captures our understanding that A is better than
B, but it does not specify the absolute degree of imitation required on either A or B,
leaving room for a lot of ambiguity in the optimization process.

Specifically, the DPO objective can be satisfied in three qualitatively distinct
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ways. First, the system might "imitate A a lot and imitate B a little," effectively
leaning heavily into imitation learning for both examples but favoring A. Second,
it could "imitate A a little and avoid B a little," since avoiding is the opposite of
imitating. Finally, the system might "avoid A a little and avoid B a lot." In all three
cases, the relative goal of more imitation for A is achieved, but the absolute amount
of imitation for A or B varies significantly [D’Oosterlinck et al., 2024].

This distinction is critical in practice, as it directly relates to the differing needs
of systems at varying levels of performance. Returning to our classroom analogy: a
struggling student benefits greatly from substantial imitation learning on good data,
while an exceptional student might prefer less reliance on imitation altogether. DPO
and similar objectives fail to encode this nuance, leaving optimization agnostic to
the system’s current state and potentially misaligned with its actual learning needs.

We found that neglecting to tailor the optimization to the system’s current
capabilities was already leading to suboptimal outcomes in alignment efforts at
the time we began this work. A notable example involves a popular preference
dataset which was created using answers from a previous generation of AI systems
[Cui et al., 2024]. Many practitioners were using this dataset to align newer, more
advanced systems. Inadvertently, this placed the optimization in the "extraordinary

student" situation, but this was not accounted for during optimization.
To address this issue, we introduced the concept of Anchored Preference Opti-

mization (APO) [D’Oosterlinck et al., 2024]. APO consists of a family of alignment
objectives similar to DPO [Rafailov et al., 2024b], but with the crucial addition
of explicitly accounting for the absolute amount of imitation learning on either
example in the pair. Based on the alignment situation at hand, a developer can
select the correct objective and avoid much of the ambiguity inherent to DPO. This
gives a practitioner much more control over the optimization procedure, leading to
more stable and performant results.

3.6 Experiments

In order to validate our ideas, we conducted an empirical study to examine the
impact of contrastive revisions and anchored alignment within a practical alignment
use case. The technical details related to this analysis are provided in Chapter 7,
while the rest of this section outlines these experiments conceptually.

We validate our methods by further aligning llama-3-8B-instruct, an
advanced 8-billion-parameter open-source model by Meta [Dubey et al., 2024].
Already a highly capable general-purpose chatbot, we aim to enhance its accu-
racy and helpfulness even further. To study the impact of preference data on
alignment outcomes, we constructed four datasets of preference-pairs from the
same input queries. Two datasets were created using a judging paradigm, where a
teacher model, GPT4-Turbo, selects the preferred answer from multiple demon-
strations. GPT4-Turbo’s superior performance makes it a reliable substitute
for human judgments in this context. We create one dataset using a revision
paradigm, where GPT4-Turbo minimally revises and improves the answers of
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llama-3-8B-instruct. Finally, we use a baseline dataset where all preferred
answers are directly generated by GPT4-Turbo without any revisions.

Empirically, we indeed find that the quality of the comparisons is a major driver
of alignment performance. Specifically, our revision dataset (created using CLAIR)
produced the best results. This validates our insight that minimally contrastive
preference pairs lead to better alignment, and that we can effectively create such
preferences using a revision paradigm. Moreover, we discovered that "apples-to-

oranges" preferences could actually deteriorate system performance. This again
underscores how important it is to ensure the contrastiveness of the preference data,
something which is not done in conventional preference learning work.

Additionally, we studied the impact of the system–data relation for alignment
outcomes. No single alignment objective consistently outperformed the others
across all datasets. This validates our second insight: the success of any preference
learning objective is highly dependent on the relevance of the data to the system.
The specific Anchored Preference Optimization objective which accounted for the
exact semantics of the alignment situation always produced the best results. This
illustrates that even relatively simple objectives can attain much better performance
compared to conventional objectives, which are designed to operate across all
scenarios.

3.7 Conclusions

Through a critical analysis of preference learning, we identified two intuitive
yet previously underappreciated concepts. First, the comparisons underlying a
preference need to be minimally contrastive in order to provide a clear and effective
learning signal. Second, the relationship between the system and the comparisons
should be accounted for during training.

We introduced new data and training methods that leverage these insights,
leading to substantial improvements in alignment performance based on these
straightforward principles. Additionally, we emphasized that preference learning is
inherently more complex than imitation learning, and we explored the sources of
this complexity.

3.7.1 Future Work

Minimally contrastive preferences can be created through a revise-and-improve
paradigm. An intriguing direction for future work lies in exploring the natural
trade-off between the minimalism of a revision and the extent to which it improves
the answer. Both of these properties are desirable, but to some extent, they may
be mutually exclusive. Given a fixed budget for creating preference data, should
one prioritize minimal revisions that offer slight improvements or more invasive
revisions that lead to significant enhancements? Investigating this balance could
provide valuable insights into how to optimize alignment strategies even further.



28



4
Conclusions

Ensuring the interpretability of AI systems and aligning their behavior with human
values and intentions are among the most significant challenges in the field today.
As AI systems grow in complexity, autonomy, and influence over high-stakes
decisions, these concerns become even more critical, and they directly impact the
trust, safety, and effectiveness of AI in real-world applications.

In this thesis, we have made conceptually simple yet impactful contributions to
the problems of AI interpretability and alignment. Counterfactual reasoning, which
involves examining what-if scenarios, emerged as a key enabler for advancing both
of these areas.

In the area of interpretability, we introduced methods that leverage counterfac-
tual data to evaluate and enhance human-understandable interpretations of system
behavior. Our formalisms and experimental framework provided a foundation for a
more rigorous study of AI interpretability, grounded in empirical validation. Our
results underscored the pressing need to make the AI interpretability field more
rigorous through standardized evaluation methodologies.

In the area of alignment, we utilized counterfactual data in the form of minimally
contrastive preference pairs to create a more effective learning signal, enabling
more controllable and precise alignment outcomes. Furthermore, we uncovered the
importance of tailoring the preference learning dependent to the relation between
system and preference pairs, greatly improving the stability and performance of
alignment objectives.

Together, these contributions mark a step forward in building AI systems that
are both interpretable and aligned, significantly contributing to the effective and
ethical use of AI.

Looking towards the future, it is clear Deep Learning has already made a
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profound impact on the world and is bound to continue evolving and expanding its
influence. During the time of this PhD, these systems became much more generalist,
with the most famous examples being AI assistants powered by Large Language
Models. While not perfect, these models have demonstrated an impressive ability
to integrate vast amounts of knowledge, reason flexibly through unseen problems,
and interact with various tools.

Over the next few years, we will undoubtedly see large-scale deployment
of these systems and their integration into diverse workflows. We are already
witnessing this transformation. However, the extent and speed of this transition
remain uncertain. A major determining factor will be our ability to ensure the
robustness and safety of these technologies. The types of alignment techniques
discussed in this work will remain of vital importance—they have already proven
highly effective. I strongly believe that for whichever alignment methods developed
in the future, the data quality and the precise semantics of preference learning
algorithms will play a crucial role, as made evident by our research on AI alignment.

The future of interpretability in AI is less certain. Deep questions about why
an AI system behaved in a certain way often seem to be of little practical use to
end-users. As a result, I see little chance that the field will develop highly effective
and rigorous AI interpretability methods purely to satisfy end-users. Furthermore,
the increasing reliability of AI systems—where they "just work"—diminishes the
immediate demand for interpretability. However, there is a plausible future in
which strong regulatory emphasis on auditability, safety, and privacy drives the
development of more advanced interpretability methods. Regardless of the specific
motivation for future investments in interpretability, I strongly believe that such
techniques will be fundamentally causal, for the same reasons as those outlined
in our work on benchmarking interpretability methods. Moreover, I anticipate
that the most effective interpretability methods will involve secondary AI systems
specifically trained to provide meaningful interpretations of a target system, as
explored in our work on training AI interpreters.
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Technical: Measuring Interpretations

In this chapter, we present a unifying perspective on AI interpretability methods,
framing them as estimators of causal effects. We formalize this approach, reinter-
preting existing interpretability techniques within this framework and introducing
metrics and an experimental methodology to evaluate their faithfulness. We propose
the first large-scale interventional dataset for natural language processing, enabling
the practical evaluation of interpretability methods. Our findings revealed that no
interpretability method outperformed a simple baseline, serving as a wake-up call
for the field of AI interpretability research.

* * *

CEBaB: Estimating the Causal Effects of Real-World
Concepts on NLP Model Behavior

Eldar David Abraham∗, Karel D’Oosterlink∗, Amir Feder∗, Yair Gat∗, Atticus

Geiger∗, Christopher Potts∗, Roi Reichart∗, Zhengxuan Wu∗

Advances in Neural Information Processing Systems (NeurIPS 2022)

∗Equal contribution.
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5.1 Abstract

The increasing size and complexity of modern ML systems has improved their
predictive capabilities but made their behavior harder to explain. Many techniques
for model explanation have been developed in response, but we lack clear criteria
for assessing these techniques. In this paper, we cast model explanation as the
causal inference problem of estimating causal effects of real-world concepts on the
output behavior of ML models given actual input data. We introduce CEBaB, a
new benchmark dataset for assessing concept-based explanation methods in Natural
Language Processing (NLP). CEBaB consists of short restaurant reviews with
human-generated counterfactual reviews in which an aspect (food, noise, ambiance,
service) of the dining experience was modified. Original and counterfactual reviews
are annotated with multiply-validated sentiment ratings at the aspect-level and
review-level. The rich structure of CEBaB allows us to go beyond input features
to study the effects of abstract, real-world concepts on model behavior. We use
CEBaB to compare the quality of a range of concept-based explanation methods
covering different assumptions and conceptions of the problem, and we seek to
establish natural metrics for comparative assessments of these methods.

5.2 Introduction

Explaining model behavior has emerged as a central goal within ML. In NLP,
models have grown in size and complexity, and while they have become increasingly
successful, they have also become more opaque [Lipton, 2018, Pearl, 2019], raising
concerns about trust [Guidotti et al., 2018, Jacovi and Goldberg, 2020], safety
[Amodei et al., 2016, Otte, 2013], and fairness [Goodman and Flaxman, 2017,
Hardt et al., 2016]. These concerns will persist if these models remain “black-
boxes”.

Seeking to open the black-box, researchers have developed methods that try
to explain model behavior [Bastings et al., 2021, Feder et al., 2021b, Gehrmann
et al., 2020, Lundberg and Lee, 2017, Ribeiro et al., 2016]. However, there is
no consensus about how to evaluate such methods to allow robust comparisons.
This is not surprising, since such evaluations require very rich empirical data.
Intuitively, we would like to (1) intervene on model inputs, to modify specific
concepts without changing other correlated information, (2) observe the effects
this has on model predictions, and, finally, (3) assess explanation methods for their
ability to accurately predict these effects.

The absence of interventional data, or even an agreed-upon non-interventional
benchmark, has created an environment in which explanation methods are often
evaluated individually, and without comparison to alternatives. Attempts have been
made to conduct comparative evaluations [Feder et al., 2021b, Goyal et al., 2020,
Pruthi et al., 2022], but only with synthetic, simplified datasets. Furthermore, these
attempts do not define a unified evaluation approach, nor do they seek to contribute
benchmark datasets that support such evaluations.
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food ambiance service noise overall

Original text: Excellent lobster and decor, but rude waiter. + + – unk 4

Edit Goal

food: – Terrible lobster, excellent decor, but rude waiter. – + – unk 2
food: unk Excellent decor, but rude waiter. unk + – unk 3

ambiance: – Excellent lobster, but lousy decor and rude waiter. + – – unk 3
ambiance: unk Excellent lobster, but rude waiter. + unk – unk 3

service: + Excellent lobster and decor, and friendly waiter. + + + unk 5
service: unk Excellent lobster and decor. + + unk unk 5

noise: + Excellent lobster, decor, and music, but rude waiter. + + – + 4
noise: – Excellent lobster and decor, but rude waiter, and noisy. + + – – 3

Table 5.1: Toy examples illustrating the structure of CEBaB (actual corpus examples
are longer and more complex; a sample is given in Appendix 5.10.2). Beginning
from an OpenTable review, we give crowdworkers an actual restaurant review and
they generate counterfactual restaurant reviews that would have been written if some
aspect of the dining experience were changed and all else were held constant. Five
different crowdworkers labeled each of the actual and counterfactual texts according
to their aspect-level sentiment and overall sentiment. Aspect level sentiment labels
are three way: ‘+’ (positive sentiment), ‘–’ (negative), and ‘unk’ (the aspect’s value
is not expressed in the text). Overall sentiment labels are 1 (worst) to 5 (best).
Edited aspect labels are shown in blue.

In this paper, we seek to overcome this obstacle by introducing CEBaB (Causal
Estimation-Based Benchmark). Table 5.1 summarizes the structure of CEBaB
with a toy example: beginning with a review text from the OpenTable website,
we crowdsourced edits of the original text that are designed to meet a specific
goal, such as changing the food rating in the original text to negative or unknown.
All of the resulting edits were validated by five crowdworkers and each full text
was evaluated by five crowdworkers for its overall sentiment. CEBaB is grounded
in 2,299 original reviews, which were expanded via this editing procedure to a
total of 15,089 texts, targeting four different aspect-level concepts (food, service,
ambiance, noise) with three potential labels (positive, negative, and unknown, i.e.,
not expressed in the review), and each full text was labeled on a five-star scale.

We focus on using CEBaB to compare concept-based explanation methods. This
allows us to go beyond the effect of individual tokens to study how more abstract
concepts (in our case, aspect-level sentiment) contribute to model predictions (about
the overall sentiment of the text). Our proposed metrics center around assessing
concept-based explanation methods for their ability to accurately estimate causal

concept effects [Goyal et al., 2020], allowing us to isolate the effect of individual
concepts.

More specifically, we use CEBaB to measure the causal effects of particular
variables in a causal graph, and we cast each explanation method as a causal
estimator of these measurements. For example, suppose our causal graph of the
data says that all four of our aspect-level categories will affect a reviewer’s overall
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rating. To estimate the effect of positive food quality on the predicted overall rating
from a classifier, we need to compare examples with high food quality to those
with low quality, holding all other aspects constant. Such pairs of examples are
normally not observed, but this is precisely what CEBaB provides. With CEBaB,
we can directly compare the actual change in model predictions with the change
that a concept-based explanation method predicts.

In our experiments, we evaluate five leading concept-based explanation methods:
CONEXP [Goyal et al., 2020], TCAV [Kim et al., 2018], ConceptSHAP [Yeh et al.,
2020], INLP [Ravfogel et al., 2020], CausaLM [Feder et al., 2021b], and S-Learner
[Künzel et al., 2019]. These methods make a wide range of different assumptions
about how much access we have to the model’s internal structure, and they also
diverge in the degree to which they account for the causal nature of the concept effect
estimation problem. Remarkably, CEBaB reveals that most methods cannot beat a
simple baseline. Indeed, this negative result emphasizes the value in our primary
contribution of providing the data and metrics that enables a direct comparison of
explanation methods.

5.3 Previous Work

Benchmarks for Explanation Methods Benchmark datasets have propelled ML
forward by creating shared metrics that predictive models can be evaluated on [Hu
et al., 2020, Kiela et al., 2021, Wang et al., 2018, 2019]. Unfortunately, benchmarks
that are suitable for assessing the quality of model explanations are still uncommon
[Feder et al., 2021a, Hooker et al., 2019]. Previous work on comparing explanation
methods has generally only correlated the performance of a given explainability
method with others, without ground-truth comparisons [DeYoung et al., 2020, Hase
and Bansal, 2020, Hooker et al., 2019, Samek et al., 2021].

Other works that do compare to some ground-truth either employ a non-causal
evaluation scheme [Kim et al., 2018], use causal evaluation metrics which do not
capture performance on individual examples [Tenney et al., 2020], evaluate on
synthetic counterfactuals and rule-based augmentations [Feder et al., 2021b, Tenney
et al., 2020], or are tailored for a specific explanation method and hard to generalize
[Yeh et al., 2020]. To the best of our knowledge, CEBaB is the first large-scale
naturalistic causal benchmark with interventional data for NLP.

Explanation Methods and Causality Probing is a relatively new technique for
understanding what model internal representations encode. In probing, a small
supervised [Conneau et al., 2018, Tenney et al., 2019] or unsupervised [Clark et al.,
2019b, Manning et al., 2020, Saphra and Lopez, 2019] model is used to estimate
whether specific concepts are encoded at specific places in a network. While probes
have helped illuminate what models (especially pretrained ones) have learned from
data, Geiger et al. [2021] show with simple analytic examples that probes cannot
reliably provide causal explanations for model behavior.

Feature importance methods can also be seen as explanation methods [Molnar,
2020]. Many methods in this space are restricted to input features, but gradient-
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based methods can often quantify the relative importance of hidden states as well
[Binder et al., 2016, Shrikumar et al., 2017, Springenberg et al., 2014, Zeiler and
Fergus, 2014]. The Integrated Gradients method of Sundararajan et al. [2017] has
a natural causal interpretation stemming from its exploration of baseline (coun-
terfactual) inputs [Geiger et al., 2021]. However, even where these methods can
focus on internal states, it remains difficult to connect their analyses with real-world
concepts that do not reduce to simple properties of inputs.

Intervention-based methods involve modifying inputs or internal representations
and studying the effects that this has on model behavior [Lundberg and Lee, 2017,
Ribeiro et al., 2016]. Recent methods perturb input or hidden representations to
create counterfactual states that can then be used to estimate causal effects [Elazar
et al., 2021, Finlayson et al., 2021, Soulos et al., 2020, Vig et al., 2020, Geiger
et al., 2021]. However, these methods are prone to generating implausible inputs or
network states unless the interventions are carefully controlled [Geiger et al., 2020].

Generating counterfactual texts automatically remains challenging and is still a
work-in-progress [Calderon et al., 2022]. To overcome this problem, another class
of approaches proposes to manipulate the representation of the text with respect
to some concept, rather than the text itself [Elazar et al., 2021, Feder et al., 2021b,
Ravfogel et al., 2020]. These methods fall into the category of concept-based
explanations and we discuss two of them extensively in §5.4.

5.4 Estimating Concept Effects with CEBaB

We now define the core metrics that we use to evaluate different explanation meth-
ods. Figure 5.1 provides a high-level view of the causal process we are envisioning.
The process begins with an exogenous variable U representing a state of the world.
For CEBaB, we can imagine that the value of U is a state of affairs u of a person
evaluating a restaurant in a particular way. u contributes to a review variable X ,
with the value x of X mediated by u and by mediating concepts C1, . . . Ck, which
correspond to the four aspect-level categories in CEBaB (food, service, ambiance,
and noise), each of which can have values c ∈ {positive, negative, unknown}. The
review x is processed by a model that outputs a vector of scores over classes
(sentiment labels in CEBaB).

Core Metric Our central goal is to use CEBaB to evaluate explanation methods
themselves. CEBaB supports many approaches to such evaluation. In this paper,
we adopt an approach based on individual-level rather than average effects. This
makes very rich use of the counterfactual text and associated labels provided by
CEBaB. The starting point for this metric is the Individual Causal Concept Effect:

Definition 1 (Individual Causal Concept Effect; ICaCE). For a neural network N
and feature function ϕ, the individual causal concept effect of changing the value

of concept C from c to c′ for state of affairs u in an underlying data generation
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N (ϕ(X))XC2
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V

Figure 5.1: A causal graph describing a data generating process with an exoge-
nous variables U and V representing the state of the world, mediating concepts
C1, C2 . . . , Ck, and data X that is featurized with ϕ. ϕ(X) is input to a classifier
N , which outputs a vector of scores over m output classes.

process G is

ICaCENϕ
(G, xC=c

u , c′) = Ex∼G

[
N
(
ϕ(x)

) ∣∣ do

(
C = c′

U = u

)]
−N

(
ϕ(xC=c

u )
)
.

(5.1)

ICaCE is a theoretical quantity. In practice, we use the Empirical Individual
Causal Concept Effect.

Definition 2 (Empirical Individual Causal Concept Effect; ÎCaCE). For a neural

networkN and feature function ϕ, the empirical individual causal concept effect of

changing the value of concept C from c to c′ for state of affairs u is

ÎCaCENϕ
(xC=c

u , xC=c′

u ) = N
(
ϕ(xC=c′

u )
)
−N

(
ϕ(xC=c

u )
)
, (5.2)

where (xC=c
u , xC=c′

u ) is a tuple of inputs originating from u with the concept C set

to the values c and c′, respectively.

The ÎCaCENϕ
for a pair of examples (xC=c

u , xC=c′

u ) is simply the difference
between the output score vectors for the two cases. With CEBaB, we can easily
calculate these values because we have clusters of examples that are tied to the
same reviewing situation u and express different concept values.

For assessing an explanation method E , we compare ICaCE values with those
returned by E . Our core metric is the ICaCE-Error:

Definition 3 (ICaCE-Error). For a neural network N , feature function ϕ and

distance metric Dist, the ICaCE-Error of an explanation method E for changing

the value of concept C from c to c′ is:

ICaCE-ErrorDNϕ
(E) =

1

|D|

∑

(xC=c
u ,xC=c′

u )∈D

Dist
(
ÎCaCENϕ

(xC=c
u , xC=c′

u ), ENϕ
(xC=c

u , c′)
)

(5.3)



37

We present results for three choices of Dist which vary in their ability to model
the direction and magnitude of effects. These choices give subtly different but
largely converging results, as detailed in Section 5.7 and reported more fully in
Appendix 5.10.4.

Aggregating Individual Causal Concept Effect It is often useful to also have a
direct estimate of a model’s ability to capture concept-level causal effects. For this,
we employ an aggregating version of ÎCaCE, the Empirical Causal Concept Effect:

Definition 4 (Empirical Causal Concept Effect; ĈaCE). For a neural network N
and feature function ϕ, the empirical causal concept effect of changing the value of

concept C from c to c′ in dataset D is

ĈaCE
D

Nϕ
(C, c, c′) =

1

|Dc→c′

C |

∑

(xC=c
u ,xC=c′

u )∈Dc→c′

C

ÎCaCENϕ
(xC=c

u , xC=c′

u ).

(5.4)

This is an empirical estimator of the Causal Concept Effect (CaCE) of Goyal
et al. [2020]. It estimates, in general, how the classifier predictions change for a
given concept and intervention direction.

Estimating Real-World Causal Effect of Aspect Sentiment on Overall Senti-

ment We can also estimate ground truth causal effects in CEBaB by simply using
its labels directly. There are again a variety of ways that this could be done. We
opt for the one that makes the richest use of the structures afforded by CEBaB. For
perspicuity, in parallel to the neural network-based ÎCaCE (Definition 2), we define
the Empirical Individual Treatment Effect for our dataset:

Definition 5 (Empirical Individual Treatment Effects in CEBaB; ÎTE). The empiri-

cal individual treatment effect of changing the value of concept C from c to c′ in

CEBaB is

ÎTE
CEBaB

(xC=c
u , xC=c′

u ) = f(xC=c′

u )− f(xC=c
u ) (5.5)

where f is a simple look-up procedure that retrieves the overall sentiment labels

for CEBaB examples.

We aggregate over these values by taking their average, in parallel to what
we do for network predictions (Definition 4). This yields the Empirical Average
Treatment Effect (ÂTE) for CEBaB.

Alternative Metrics In Appendix 5.10.1 in our supplementary materials, we con-
sider alternative formulations of the core metrics with causal concept effects and
absolute causal concept effects, relating them to the different questions they engage
with. We opt for the individual causal concept effect in our central metric (Defini-
tion 6.4), taking the central question to be what caused an ML model to produce an
output for an actual input created from a real-world process.
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Explainer Access to Concept Labels Counterfactual Confounder

Explanation method Method Explained Model Needed (test time) Representation Control

Approx None None All concepts and their labels∗ ✗ ✗

CONEXP [Goyal et al., 2020] None None c and c′ ✗ ✗

S-Learner Künzel et al. [2019] Linear None All concepts and their labels∗ ✗ ✓

TCAV [Kim et al., 2018] Linear Weights None ✗ ✗

ConceptSHAP [Yeh et al., 2020] Linear Weights None ✗ ✗

INLP [Ravfogel et al., 2020] Linear Weights None ✓ ✗

CausaLM [Feder et al., 2021b] Explained Model Training Regime None ✓ ✓

Table 5.2: The evaluated explanation methods and their attributes. Explainer

Method denotes the complexity of the models used by each explanation method.
Access to Explained Model denotes the degree of access an explainer method
needs to the explained model. Concept Labels Needed indicates whether a method
estimating the effect for an input xC=c

u needs the actual input label c and/or the
intervened value c′ at test time. Models with a Counterfactual Representation

approximate ϕ(xC=c′

u ) to estimate the effect. Finally, only CausaLM and S-Learner
have Confounder Control to minimize the impact of confounding concepts. ∗We
predict these labels with a classifier.

5.5 Evaluated Explanation Methods

We compare several model explanation methods that share three main characteristics.
First, they are all suitable for NLP models and have been used in the literature for
generating model explanations in the form of estimated effects on model predictions.
Second, they all provide concept-level explanations, for a pre-defined list of human-
interpretable concepts (e.g., how sensitive a restaurant review rating classifier is to
language related to food quality). This approach is also forward-looking, allowing
more researchers to construct new hypotheses (i.e., concepts we have not collected
labels for) and estimate their effect on the predictor. Third, all of the tested methods
are model-agnostic, meaning that they separate the explanation from the model.
At the same time, these methods differ in five important ways, as summarized
Table 5.2.

We now turn to reviewing the explanation methods that we later compare on
CEBaB (§5.7). In our mathematical formulas, we employ a unified notation for all
methods, to make the definitions more accessible and easier to integrate into our
experimental set-up. Assume we have a classifier N (which outputs a probability
vector) and feature function ϕ, and we want to compute the effect on Nϕ(x

C=c
u ) of

changing the value of concept C from c to c′ using an unseen test set (D, Y ).

Approximate Counterfactuals The gold labels of CEBaB are the difference
between the logits for some original review xC=c

u and ground-truth counterfactual
xC=c′

u . As a baseline, we sample an original review xC=c′

u′ with the same aspect-
labels as the xC=c′

u and use it as an approximate counterfactual:

ApproxNϕ
(C, c, c′;x) = N (ϕ(xC=c′

u′ ))−N (ϕ(xC=c
u )) (5.6)

We do this sampling using predicted aspect labels from the aspect-level sentiment
analysis models described in Appendix 5.10.3.
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Conditional Expectation (CONEXP) Goyal et al. [2020] propose a baseline
where the effect of a concept C is the average difference in predictions on examples
with different values of C.

CONEXPDNϕ
(C, c, c′) =

1

|DC=c′ |

∑

x∈DC=c′

N (ϕ(x))−
1

|DC=c|

∑

x∈DC=c

N (ϕ(x))

(5.7)
whereDC=c andDC=c′ are subsets ofD where C takes values c and c′, respectively.
To predict an effect, this method only relies on C, c, and c′, resulting in an estimate
that does not depend on the specific input text itself.

Conditional Expectation Learner (S-Learner) We adapt S-Learner, a popular
method for estimating the Conditional Average Treatment Effect (CATE) [Künzel
et al., 2019]. To estimate causal concept effects, our S-Learner trains a logistic
regression model E to predict N (ϕ(x)) using the values of all the labeled concepts
of example x, denoted by x′.1 Then, during inference, we compute an individual
effect for example pair (xC=c

u , xC=c′

u ) by comparing the output of the model Ex on
this pair:

S-Learner(C, c, c′;x) = E(x′
C=c′

u )− E(x′
C=c
u ) (5.8)

At inference time, S-Learner assumes access to all aspect-level labels x′, which
might not always be available. To alleviate this issue, we instead predict the aspect-
level labels x′ from the original text x using models described in Appendix 5.10.3.

TCAV Kim et al. [2018] use Concept Activation Vectors (CAVs), which are seman-
tically meaningful directions in the embedding space of ϕ. Our adapted version
of Testing with CAVs (TCAV) outputs a vector measuring the sensitivity of each
output class k to changes towards the direction of a concept vC at the point of the
embedded input. It is computed as:

TCAVNϕ
(C;x) =

(
∇Nk(ϕ(x)) · vC

)K
k=1

(5.9)

where K is the number of classes and vC is a linear separator learned to separate
concept C in the embedding space of ϕ.

ConceptSHAP Yeh et al. [2020] propose this expansion to SHAP [Lundberg and
Lee, 2017], to generate concept-based explanation based on Shapley values [Shap-
ley, 1953]. Given a complete (i.e., such that the accuracy it achieves on a test set is
higher than some threshold β) set of m concepts {C1, . . . , Cm}, ConceptSHAP cal-
culates the contribution of each concept to the final prediction. Our adapted version
outputs a vector for each C ∈ {C1, . . . , Cm} and x. We justify this modification
and provide implementation details in Appendix 5.10.9.

CausaLM Feder et al. [2021b] estimate the causal effect of a binary concept C
on the model’s predictions by adding auxiliary adversarial tasks to the language
representation model in order to learn a counterfactual representation ϕCF

C (x), while

1This training approach, where an explainer model is fit to predict the output of the original
model, shares the intuition of LIME, the widely used explanation method Ribeiro et al. [2016], but for
concept-level effects.
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keeping essential information about potential confounders (control concepts). Their
method outputs the text representation-based individual treatment effect (TReITE),
which is computed as:

TReITENϕ
(C;x) = N ′

(
ϕCF
C (x)

)
−N

(
ϕ(x)

)
(5.10)

where ϕCF
C denotes the learned counterfactual representation, where the information

about concept C is not present, and N ′ is a classifier trained on this counterfactual
representation. A key feature of CausaLM is its ability to control for confounding
concepts (if modeled).2 An inherent drawback of this technique is that it can only es-
timate interventions well for c′ = Unknown, since the counterfactual representation
is only trained to remove a concept C.

Iterative Nullspace Projection (INLP) Ravfogel et al. [2020] remove a concept
from a representation vector by repeatedly training linear classifiers that aim to
predict that attribute from the representations and projecting the learned representa-
tions on their null-space. Similar to CausaLM, INLP also estimates the TReATE
(Equation 5.10) and can only estimate interventions for c′ = Unknown.

5.6 The CEBaB Dataset

Table 5.1 provides an intuitive overview of the structure of CEBaB. In the editing

phase of dataset creation, crowdworkers modified an existing OpenTable review in
an effort to achieve a specific aspect-level goal while holding all other properties of
the original text constant. Our aspect-level categories are food, ambiance, service,
and noise. In the validation phrase, crowdworkers labeled each example relative
to each aspect as ‘Positive’, ‘Negative’, or ‘Can’t tell’ (Unknown). Having five
labels per example allows us to infer a majority label or reason in terms of the full
label distributions. In the rating phase, each full text was labeled using a common
five-star scale, again by five crowdworkers.

We began with 2,299 original reviews from OpenTable (related to 1,084 restau-
rants) and expanded them, via the above editing procedure, into a total of 15,089
texts. The distribution of normalized edit distances has peaks around 0.28 and 0.77,
showing that workers made non-trivial changes to the originals, and even often had
to make substantial changes to achieve the editing goal. (See Appendix 5.10.2 for
the full distribution.)

Table 5.3 summarizes the resulting label distributions, where an example has
label y if at least 3 of the 5 labelers chose y, otherwise it is in the ‘no majority’
category. 99% of aspect-level edits have a majority label that corresponds to the
editing goal, and 88% of the texts have a review-level majority label on the five-star
scale. Overall, these percentages show that workers were extremely successful
in achieving their editing goals and that edits have systematic effects on overall
sentiment.

2As in Feder et al. [2021b], we control for the most correlated potential confounder.
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Positive Negative Unknown no maj. Total

food 5726 (41%) 5526 (38%) 2605 (15%) 208 (31%) 14065
service 4045 (29%) 4098 (28%) 3877 (22%) 178 (27%) 12198
ambiance 2928 (21%) 2597 (18%) 5121 (29%) 203 (30%) 10849
noise 1365 (10%) 2215 (15%) 5883 (34%) 78 (12%) 9541

(a) Aspect-level labels.

Rating Count Percentage

1 star 1870 (12%)
2 star 3056 (20%)
3 star 3517 (23%)
4 star 2035 (13%)
5 star 2732 (18%)
no maj. 1879 (12%)

(b) Review-level ratings.

{Neg, Pos} {Neg, Unk} {Pos, Unk}

food 898 1316 1291
service 851 857 938
ambiance 947 585 472
noise 1145 208 260

(c) Edit pair distribution. Edit pairs are examples that come from the same original source
text and differ only in their rating for a particular aspect.

Neg to Pos Neg to Unk Pos to Unk

food 1.84 1.37 −1.02
service 0.98 0.91 −0.53
ambiance 0.93 0.91 −0.50
noise 0.72 0.48 −0.47

(d) Empirical ÂTE for the five-way sentiment labels in CEBaB. The reverse of a given
concept change is the negative of the value given – e.g., the ÂTE for ‘Pos to Neg’ for food is
−1.84.

Table 5.3: Dataset statistics of CEBaB combining train/dev/test splits.
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The central goal of CEBaB is to create edit pairs: pairs of examples that come
from the same original text and differ only in their labels for a particular aspect. For
example, in Table 5.1, the first two ‘food edit’ cases form an edit pair, since they
come from the same original text and differ only in their food label. Original texts
can also contribute to edit pairs; the original text in Table 5.1 forms an edit pair with
each of the texts it is related to by edits. Table 5.3c summarizes the distribution of
edit pairs, and Table 5.3d reports the ground-truth ÂTE values (§5.4).

We release the dataset with fixed train/dev/test splits. In creating these splits,
we enforce two high-level constraints. The first is our ‘grouped’ requirement: for
each original review t, all texts that are related to t via editing occur in the same
split as t. This ensures that models are not evaluated on examples that are related by
editing to those they have seen in training. Second, if any text t in a group received
a ‘no majority’ label, then the entire group containing t is put in the train set. This
ensures that there is no ambiguity about how to evaluate models on dev and test
examples.

Once these high-level conditions were imposed, the examples were sampled
randomly to create the splits. This allows that individual workers can contribute
edited texts across splits. This minor compromise was necessary to ensure that
we could have large dev and test splits. Appendix 5.10.3 in our supplementary
materials shows that worker identity has negligible predictive power.

There are two versions of the train set: inclusive and exclusive. The inclusive
train set contains all original and edited non-dev/test texts (11,728 texts). The
exclusive version samples exactly one train text from each set of texts that are
related by editing (1,755 examples). The rationale is that models trained with an
original review as well as its edited counterparts may explicitly learn causal effects
trivially by aggregating learning signals across inputs. Our exclusive train split
prevents this, which helps facilitate fair comparisons between explanation methods
and better resembles a real-world setting.

Our dataset is released publicly in JSON format and is available in the Hugging
Face datasets library. It includes restaurant metadata, full rating distributions,
and anonymized worker ids. Appendix 5.10.2 in our supplementary materials
provides additional details on the dataset construction, including the prompts used
by the crowdworkers, the number of workers per task, worker compensation, and a
sample of examples with ratings to help convey the nature of workers’ edits and
the overall quality of the resulting texts and labels. In addition, Appendix 5.10.3
reports on a wide range of classifier experiments at the aspect-level and text-level
that show that models perform well on CEBaB classification tasks, which bolsters
the claim that CEBaB is a reliable tool for assessing explanation methods.

5.7 Experiments and Results

For each experiment, we fine-tune a pretrained language model to predict the
overall sentiment of all restaurant reviews from our exclusive OpenTable train set.
Since the goal of our work is not to achieve state-of-the-art performance, but rather
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Negative to Positive Negative to unknown Positive to unknown

food 1.90 (± 0.03) 1.00 (± 0.02) −0.82 (± 0.01)
service 1.42 (± 0.04) 0.89 (± 0.04) −0.45 (± 0.01)
ambiance 1.27 (± 0.01) 0.79 (± 0.01) −0.50 (± 0.03)
noise 0.75 (± 0.02) 0.44 (± 0.00) −0.23 (± 0.02)

Table 5.4: ĈaCE (Definition 5.4) for bert-base-uncased fine-tuned as a
5-way sentiment classifier. Rows are concepts, columns are real-world concept
interventions, and each entry indicates the average change in classifier output when
the concept is intervened on with the given direction.3 Results are averaged over 5
distinct seeds with standard deviations. The ĈaCE value of changing concept C
from c to c′ is the negative ĈaCE value of changing concept C from c′ to c.

Figure 5.2: ICaCE-Error (Definition 3) for bert-base-uncased fine-tuned
for five-way sentiment, averaged per aspect. We report values for cosine, L2,
and normdiff. Lower is better. Stars mark the best result(s) per metric. Results
averaged over 5 distinct seeds. †RandomExplainer takes the difference between
two random probability vectors as the predicted effect.

to compare explanation methods and demonstrate the usage of CEBaB, we test
the ability of methods to explain commonly used models, trained with standard
experimental configurations.

In the main text, we report results for bert-base-uncased fine-tuned as a
five-way classifier. Appendix 5.10.4 includes results for GPT-2, RoBERTa, and
an LSTM, fine-tuned on binary, 3-way and 5-way versions of the sentiment task.
All results, including the ground-truth effect that depends on the specific instance
of a model, are averaged across 5 seeds.

To evaluate the intrinsic capacity of a model to capture causal effects, we report
the ĈaCE values, as in Definition 5.4. The results for bert-base-uncased are
given in Table 5.4. They are intuitive and well-aligned with the ÂTE estimates in
Table 5.3d, indicating that the model has captured the real-world effects.

3Definition 5.4 defines the CaCE values as vectors. In this table, we collapse the CaCE values to
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Our primary assessment of the evaluation methods is given in Figure 5.2, again
focusing on a five-way bert-base-uncased model as representative of our
results. We provide values based on cosine, L2, and normdiff as the value of
Dist in Definition 6.4. The cosine-distance metric measures if the estimated and
observed effect have the same direction but does not take the magnitudes of the
effects into account. The L2-distance measures the Euclidian norm of the difference
of the observed and estimated effect. Both the direction and magnitude of the
effects influence this metric. To only compare the magnitudes, we use the normdiff -
distance, which computes the absolute difference between the Euclidean norms of
the observed and estimated effects, thus completely ignoring the directions of both
effects.

Remarkably, our approximate counterfactual baseline proves to be the best
method at capturing both the direction and magnitude of the effects. The fact that a
simple baseline method beats almost all other methods indicates that we need better
explanation methods if we are going to capture even relatively simple causal effects
like those given by CEBaB.

Recall from Table 5.2 that the compared methods require different levels of
access to concept labels at inference time. Approximate counterfactuals and S-
Learner have access to both the direction of the intervention and the predicted
test-time aspect labels, enabling them to outperform CONEXP, which has access to
only the direction of the intervention, and TCAV, ConceptSHAP, and CausaLM,
which have access to neither the intervention direction nor test-time aspect labels.

The INLP method ties with the best method for the cosine metric, despite having
access to neither intervention directions nor test-time aspect labels. Perhaps this
method could be extended to make use of this additional information and decisively
improve upon our approximate counterfactual baseline.

While CausaLM and INLP both estimate the effect of removing a concept from
an input, INLP uses linear probes to guide interventions on the original model,
while CausaLM trains an entirely new model with an auxiliary adversarial objective.
The direct use of the original model is something INLP shares with the approximate
counterfactual baseline; it seems that a tight connection to the original model may
underlie success on CEBaB.

5.8 Conclusion

Our main contributions in this paper are twofold. First, we introduced CEBaB,
the first benchmark dataset to support comparing different explanation methods
against a single ground-truth with human-created counterfactual texts and multiply-
validated concept labels for aspect-level and overall sentiment. Using this resource,
one can isolate the true causal concept effect of aspect-level sentiment on any
trained overall sentiment classifier. CEBaB provides a level playing field on which
we can compare a variety of explanation methods that differ in their assumptions

scalars by having N output the most probable predicted class, instead of the class distribution.
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about their access to the model, their computational demands, their access to
ground-truth concept labels at inference time, and their overall conception of the
explanation problem. Furthermore, the evaluated methods make absolutely no use
of CEBaB’s counterfactual train set. In turn, we hope that CEBaB will facilitate
the development of explanation methods that can take advantage of the very rich
counterfactual structure CEBaB provides across all its splits.

Second, we have provided an in-depth experimental analysis of how well
multiple model explanation methods are able to capture the true concept effect. A
naive baseline that approximates counterfactuals through sampling achieves the
best performance, with INLP and S-Learner being the only other methods that
achieves state-of-the art on any metric. While CEBaB is only grounded in one task,
sentiment analysis alone is enough to produce starkly negative results that should
serve as a call to action for NLP researchers aiming to explain their models.
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5.10 Appendix

5.10.1 Causal Concept Effects and Metrics for Explanation

Methods

Data do not materialize out of thin air. Rather, data are generated from real-world
processes with complex causal structures we do not observe directly. Causal
inference is the task of estimating theoretical causal effect quantities.

When estimating causal effects, researchers commonly measure the average

treatment effect, which is the difference in mean outcomes between the treatment
and control groups [Rubin, 1974]. Formally, we define the average treatment effect
of binary treatment T on an outcome Y under a data generation process G that
represents the unknown details of the real-world.

Definition 6 (Average Treatment Effect; ATE [Rubin, 1974, Pearl, 1995]).

ATET (Y,G) = EG
[
Y
∣∣ do(T = 1)

]
− EG

[
Y
∣∣ do(T = 0)

]
. (5.11)

The ATE is a theoretical quantity we cannot compute in practice, since we do
not have access to G nor can we observe both interventions for the same subject.

However, we are concerned with estimating the causal effect of variables repre-
senting non-binary concepts in real-world systems, on data in an appropriate format
for processing by a modern AI model that predicts vector encoding probability

distributions over outputs.
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Let N be a neural network outputting a probability vector, where its k-th
entry represents the probability to predict the k-th class, and let ϕ be a feature
representation (e.g., BERT embedding). In the context of model explanations, we
will define the tools needed to answer three questions:

1. Given a real-world circumstance u that led to input data xC=c
u , what is

expected effect of a concept C changing from value c to value c′ on the
model output of Nϕ provided input data xC=c

u ?

2. What is the expected effect of a concept C changing from value c to value
c′ on the output of the model Nϕ provided input data X across real-world
circumstances U?

3. What is the magnitude of the expected effect of a changing the concept C on
the output of the model Nϕ provided input data X across real-world settings
U?

For example, in the context of CEBaB, we might ask

1. Given a real-world dining experience u with good food quality (Cfood = +)
that led to a restaurant review xCfood=+

u , what is the effect of changing the
food quality Cfood from Cfood = + to Cfood = − on the output of an overall-
sentiment text classifier Nϕ provided a review of the dining experience?

2. What is the expected effect of changing the food quality Cfood from positive
+ to negative − on the output of the model Nϕ across real-world dining
experiences that lead to restaurant reviews?

3. What is the magnitude of the expected effect of a changing food quality Cfood

on the output of the model Nϕ across real-world dining experiences that lead
to restaurant reviews?

Each of the above questions requires the estimation of a different theoretical quantity.
In respect to the order of the questions, these quantities are the individual causal

concept effect, the causal concept effect, and the absolute causal concept effect.
We believe the most practical question in explainable AI is: why does this

model have this output behavior for an actual input. For this reason, our focus in
the main text is individual causal concept effects. We define our central metric
that captures the performance of an explainer on CEBaB as the average error on
individual causal effect predictions (Definition 3).

We do not evaluate the ability of explainers to evaluate the causal concept effect
or the absolute causal concept effect.

5.10.1.1 Theoretical Quantities

Definition 7 (Causal Concept Effects; [Goyal et al., 2020]). For an exogenous

setting u that led to concept C taking on value c and the creation of input data

xC=c
u , the individual causal concept effect of a concept C changing from value c to
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c′ in a data generation process G on a neural networkN with feature representation

ϕ is

ICaCENϕ
(G, xC=c

u , c′) = Ex∼G

[
N
(
ϕ(x)

) ∣∣ do

(
C = c′

U = u

)]
−N

(
ϕ(xC=c

u )
)

(5.12)
The causal concept effect is the effect in general, meaning there is no input data

generated from a fixed exogenous real-world setting:

CaCENϕ
(G, C, c, c′) =

Ex∼G

[
N
(
ϕ(x)

) ∣∣ do(C = c′)
]
− Ex∼G

[
N
(
ϕ(x)

) ∣∣ do(C = c)
]

(5.13)

The absolute causal concept effect estimate of the magnitude of the effect a concept

has on a classifier output, regardless the concept values. We aggregate over all

possible intervention values in the following way

ACaCENϕ
(G, C) =

1

|{{c, c′} ⊆ C}|

∑

{c,c′}⊆C

∣∣CaCENϕ
(G, C, c, c′)

∣∣ , (5.14)

where C is the set of all possible values for concept in addition to denoting the

concept itself.4

5.10.1.2 Empirical Estimates

Similar to the ATE, causal concept effects are theoretical quantities we can only
estimate in reality. To perform such estimates, we need a dataset consisting of
pairs (xc

u, x
c′

u ) ∈ D that are drawn from a data generation process G. A major
contribution of this work is crowdsourcing such a dataset, CEBaB. These pairs
allow us to compute empirical estimations of (individual) causal concept effects.

Definition 8 (Empirical Causal Concept Effects). For an exogenous setting u, the

empirical individual causal concept effect of a concept C changed from value c to c′,

for D sampled from G, on a neural network N trained on a feature representation

ϕ is

ÎCaCENϕ
(xC=c′

u , xC=c
u ) = N

(
ϕ(xC=c′

u )
)
−N

(
ϕ(xC=c

u )
)

(5.15)

Given a full dataset D of such pairs, we can estimate the causal concept effect

ĈaCENϕ
(D, C, c, c′) =

1

|Dc→c′

C |

∑

(xc
u,x

c′
u )∈D

ÎCaCENϕ
(xC=c

u , xC=c′

u ) (5.16)

And also the absolute causal concept effect

ÂCaCENϕ
(D) =

1

|{{c, c′} ⊆ C}|

∑

(c,c′)∈C

|ĈaCENϕ
(D, C, c, c′)| (5.17)

4We take the absolute value since CaCENϕ
(G, C, c, c′) = −CaCENϕ

(G, C, c′, c), and these
cancel each other in the summation.
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Notice that the only difference between causal concept effects (Definition 7)
and empirical causal concept effects (Definition 8) is that we change the expectation
taken over G to be the average over a dataset D ∼ G.

5.10.1.3 Explainer Errors

Given a dataset D and an explainer ENϕ
(xc

u, c
′) that predicts individual causal

concept effects ICACENϕ
(xc

u, c
′), we define metrics capturing the ability of E to

estimate causal effects by simple computing the averaged distance between our
explainer and the empirical causal effect

Definition 9 (Explainer Distances). The average distance between the explainer

and the empirical individual causal concept effects.

ICaCE-ErrorDNϕ
(E , C, c, c′) =

1∣∣Dc→c′

C

∣∣
∑

(xC=c
u ,xC=c′

u )∈Dc→c′

C

Dist
(
ÎCaCENϕ

(xC=c
u , xC=c′

u ), ENϕ
(xC=c

u , xC=c′

u )
)

(5.18)

The distance between the average of explainer outputs and the empirical causal

concept effect

CaCE-ErrorDNϕ
(E , C, c, c′) =

∥ĈaCENϕ
(D, C, c, c′),

1∣∣Dc→c′

C

∣∣
∑

xc
u,x

c′
u ∈D

c→c′

C

ENϕ
(xc

u, c
′)
)
∥ (5.19)

The distance between the average magnitude of explainer outputs and the empirical

absolute causal effect

ACaCE-ErrorDNϕ
(E , C) =

∥ÂCaCENϕ
(D, C),

1

|{{c, c′} ⊆ C}|

∑

(c,c′)∈C

1∣∣Dc→c′

C

∣∣
∑

xc
u,x

c′
u ∈D

c→c′

C

|ENϕ
(xc

u, c
′)
)
|∥

(5.20)

where |0 · |0 is some distance metric andDC is the subset of data where C is the

concept changed and Dc→c′

C is the subset of data where C is the concept changed

from value c to value c′.

In the main text, we use the ICaCE-Error as our primary evaluation metric.

5.10.2 CEBaB

Our supplementary materials contain a full Datasheet for CEBaB as a separate
markdown document.
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5.10.2.1 Restaurant-level metadata from OpenTable

Table 5.5 gives an overview of the metadata associated with the original review
texts in CEBaB.

italian 1076
american 654
french 254
seafood 202
mediterranean 113

(a) Cuisine.

northeast 863
west 634
south 470
midwest 332

(b) U.S. regions.

1 star 244
2 star 1207
3 star 123
4 star 330
5 star 395

(c) Star ratings.

Table 5.5: CEBaB metadata from OpenTable, tabulated at the level of individual
original reviews. A total of 1,084 restaurants are represented in the data.

5.10.2.2 Crowdworkers

A total of 254 workers participated in our experiments. All of them come from a
pool of workers whom we prequalified to participate in our tasks based on the work
they did for us on previous crowdsourcing projects. Thus, we expected that they
would do high quality work, and they more than lived up to our expectations, as
indicated by the high degree of success they achieved when editing and the high
degree of consensus they reached about how to label examples.

There are a total of 642 instances of 15,0006 for which, despite our best efforts,
a worker validated an example that they themselves created during the editing phase.
Removing the contributions of these workers affects the majority in only 24 cases,
with no clear pattern to the changes, so we kept all the validation labels in order to
ensure that every example has give responses.

5.10.2.3 Editing Phase

A total of 183 workers participated in this phase. Workers were paid US$0.25 per
example. Figure 5.3 shows the annotation interface that workers used when chang-
ing the target aspect’s sentiment to either ‘Positive’ or ‘Negative’, and Figure 5.4
shows the interface where the task was to hide the target aspect’s sentiment.

Figure 5.5 summarizes the distribution of edit distances between original and
edited texts. These distances are calculated at the character-level and normalized by
the length of the original or review, whichever is longer.

5.10.2.4 Validation Phase

A total of 174 workers participated in this phase. Workers were paid US$0.35 per
batch of 10 examples. Figure 5.6 shows the annotation interface that workers used.
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Figure 5.3: Edit phase annotation interface where the task was to convey ‘Positive’
or ‘Negative’ for the target aspect.

Figure 5.4: Edit phase annotation interface where the task was to hide the sentiment
of the target aspect.
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Figure 5.5: Normalized edit distances between original texts and those created
during the editing phase for CEBaB.

5.10.2.5 Review-level Rating Phase

A total of 155 workers participated in this phase. Workers were paid US$0.35 per
batch of 10 examples. Figure 5.7 shows the annotation interface that workers used.

5.10.2.6 Randomly Selected Examples

Table 5.6 provides a random sample of edit pairs from CEBaB’s dev set.

5.10.2.7 Five-way Empirical ATE for CEBaB

Table 5.7 provides the binary ÂTE values for CEBaB. These can be compared with
the corresponding five-way values in Table 5.3d in the main text.

5.10.2.8 Edit variability

In the editing phase we ask human annotators to produce edits of an original review
with regard to some concept. This is inherently a noisy process, which may impact
the quality of our final benchmark. The CEBaB dataset features a modest set of
paired edits (176 pairs in total). Each of these pairs contains two edits, starting
from the same original sentence and edit goal, which results in two different edited
sentences. Like all sentences in CEBaB, these edits were labeled for their review
score by human annotators.

Figure 5.8a shows the distribution of the difference in final review majorities
produces by these paired edits. Most paired edits differ at most by one star in their
final majority rating, indicating that in general there is some noise associated with
the editing procedure, but this does not have a major impact on the final review
score. Figure 5.8b shows the same distribution when we consider the average
review score an edit received, as opposed to the majority score. If we consider these
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Figure 5.6: Validation phase annotation interface.

Figure 5.7: Review-level annotation interface.
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description original? aspect edit goal aspect labels aspect maj. review labels review maj.

Food was disgusting and very unreasonable!!!!!! Every request was honored
and very friendly staff.\nHomemade bread which was foul.......

False food – –, –, –, –, – – 2, 2, 2, 2, 2 2

Every request was honored and very friendly staff. False food unk. unk, unk, unk, +, + unk. 5, 5, 5, 4, 4 5

The food was average, but the service was terrible. True food None –, –, –, unk, + – 2, 2, 2, 3, 3 2
The food was above average, but the service was terrible. False food + +, +, +, +, + + 3, 3, 3, 3, 2 3

We hated our afternoon at Shorebreak! False ambiance – –, –, –, unk, unk – 1, 1, 1, 1, 1 1
We loved our afternoon at Shorebreak! False ambiance unk. unk, unk, unk, –, + unk. 5, 5, 5, 4, 4 5

The Sunday Jazz Brunch is great - Good music and fine, creative food. The
service was great, my server answered all of my questions. The ambiance is
quiet, but not so quiet as to inhibit conversation. A wonderful way to spend
an early Sunday afternoon.

False service + +, +, +, +, + + 5, 5, 5, 4, 4 5

The Sunday Jazz Brunch is great - Good music and fine, creative food. The
ambiance is quite, but not so quite as to inhibit conversation. A wonderful
way to spend an early Sunday afternoon. The only bad spot was the horrid
service.

False service – –, –, –, –, – – 4, 4, 4, 4, 3 4

My pasta dish was flavorless and rubbery and my husband’s was cold. At
least it 45 minutes to get it. Very poor, indeed.

True food None –, –, –, –, – – 1, 1, 1, 2, 2 1

My pasta dish was amazing and cooked great. At least it 45 minutes to get
it. Very poor, indeed.

False food + +, +, +, +, – + 3, 3, 3, 3, 1 3

liked the restaurant a lot and loved the meal. Found the chicken great! False food + +, +, +, +, + + 5, 5, 5, 4, 3 5
I liked the restaurant a lot, False food unk. unk, unk, unk, unk, + unk. 5, 5, 5, 4, 4 5

At the heart of it, this is a HOTEL restaurant. True noise None unk, unk, unk, unk, unk unk. 3, 3, 3, 3, 2 3
At the heart of it, this is an extremely loud restaurant. False noise – –, –, –, –, – – 1, 1, 1, 3, 2 1

I was expecting some dishes from the Northern Italian Cuisine. The menu
was not distinguishable from any other chain. The food was good but no
differentiation. It was noisy, but I believe by design.

True food None +, +, +, +, + + 3, 3, 3, 4, 2 3

I was expecting some dishes from the Northern Italian Cuisine. The menu
was not distinguishable from any other chain. The food was even worse than
that. It was also noisy, but I believe by design.

False food – –, –, –, –, + – 1, 1, 1, 2, 2 1

Table 5.6: Randomly sampled edit pairs from CEBaB.
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Table 5.7: Empirical ÂTE for the binary sentiment labels in CEBaB. Reversing
concept order results in the negation of the value given.

Neg to Pos Neg to Unk Pos to Unk

food 0.77 0.49 −0.41
service 0.25 0.20 −0.16
ambiance 0.14 0.18 −0.14
noise 0.08 0.04 −0.14

(a) (b)

Figure 5.8: Pairwise absolute difference in majority (a) and average (b) review
score for all double edits. Figure (a) only considers the 132 pairs where both edits
have an actual review majority. Figure (b) considers all 176 pairs. Averages of the
distributions are shown with a dotted vertical line.

average scores, most of the paired edits differ only slightly in their resulting review
score.

Figures 5.9a-c shows the distribution of this pairwise review score in more
detail. In an idealized setting without variability, the distribution would be centered
around the diagonal of the heatmap. When going from 5-way classification to
ternary and binary classification, the variability introduced by the edits becomes
less relevant with regard to the final review majority label.

5.10.3 CEBaB Modeling Experiments

This section reports on standard classifier-based experiments with CEBaB, aimed at
providing a sense for the dataset when it is used as a standard supervised sentiment
dataset. We report experiments on the aspect-level and review-level ratings. In
addition, we present evidence that author identity does not have predictive value.
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(a) (b) (c)

Figure 5.9: Pairwise review majority distribution for all double edits in 5-way (a),
ternary (b), and binary (c) classification settings. Figures (a) and (b) consider only
the 132 pairs where both edits have an actual review majority. Figure (c) considers
the 76 pairs that have both a review majority and non-neutral labels.

5.10.3.1 Experiments Set-up

We rely on the Hugging Face transformers library.5 [Wolf et al., 2019] We
train our models with 4 Nvidia 2080 Ti RTX 11GB GPUs on a single node machine.
We use a maximum sequence length of 128 with a fix batch size of 32 with a initial
learning rate of 2e−5. We run each experiment 5 times with distinct random seeds.
We train our models with a minimum epoch number of 5 with our largest training
set. We linearly scale our training epoch number by the size of the training set.
We skip hyperparameter tuning for optimized task performance as our goal for
this paper is to evaluate explanation methods. We release all of our models on
Huggingface Dataset Hub.

5.10.3.2 Models

We include 4 different types of models, including BERT (bert-base-uncased) [De-
vlin et al., 2019], RoBERTa (roberta-base) [Liu et al., 2019], GPT-2 (gpt2) [Rad-
ford et al., 2019], as well as LSTM with dot-attention [Luong et al., 2015]. Our
LSTM model uses bert-base-uncased tokenizer for simplicity. We initialize
the embeddings of tokens for our LSTM using fastText [Joulin et al., 2016]. We
reconfigure the classification head all other models the same classification head as
in RoBERTa as a non-linear multilayer perceptron (MLP).6

5https://github.com/huggingface/transformers
6We implemented T5 (t5-base; [Raffel et al., 2019]) as a text-to-text model with the goal of

treating predicted tokens as class labels. However, this raised unanticipated implementation questions
concerning how to post-process multi-token class labels (e.g., “very positive”) for use in our explainer
methods. As a result, we have elected to leave the T5 results out of the current draft, but we intend to
include them in the next version once they have been more thoroughly vetted.

https://github.com/huggingface/transformers
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Table 5.8: Model performance results for sequence classification as well as aspect-
based sentiment analysis (ABSA) under 3 training conditions. Mean Macro-F1
scores across 5 runs with distinct random seeds are reported.

Exclusive Inclusive

Model Binary Ternary 5-way ABSA Binary Ternary 5-way ABSA

dev split

BERT 0.97 0.82 0.68 0.88 0.98 0.85 0.72 0.90
GPT-2 0.97 0.80 0.67 0.88 0.98 0.84 0.70 0.89
LSTM 0.94 0.75 0.59 0.83 0.96 0.82 0.68 0.87
RoBERTa 0.99 0.83 0.71 0.89 0.99 0.86 0.76 0.90

test split

BERT 0.97 0.82 0.70 0.87 0.98 0.84 0.73 0.89
GPT-2 0.97 0.80 0.65 0.87 0.97 0.83 0.68 0.89
LSTM 0.94 0.75 0.60 0.82 0.96 0.81 0.68 0.87
RoBERTa 0.98 0.83 0.70 0.88 0.99 0.86 0.75 0.90

5.10.3.3 Multi-class Sentiment Analysis Benchmark

We report model performance results under 3 training conditions: Binary Classifi-

cation, where we label reviews with 1 star and 2 star ratings as negative, reviews
with 4 star and 5 star as positive, and 3-star reviews are dropped; Ternary Classi-

fication, where we add another neutral class for reviews with 3 star ratings; and
5-way Classification, where each star rating by itself is considered as a class. We
leave out reviews in the train set in the ‘no majority’ category. (Dev and Test do
not contain any such examples.) Table 5.8 shows the performance results for our
models under different conditions. Our results suggest that RoBERTa has the edge
over others across all evaluated tasks.

5.10.3.4 Aspect-based Sentiment Analysis Benchmark

Our dataset can be naturally used as an aspect-based sentiment analysis (ABSA)
benchmark. For each sentence, it may contain up to 4 aspects with respect to the
reviewing restaurant. As ABSA benchmarks are usually small and sparse with
missing labels, our dataset provides validated aspect-based labels, and is one of the
largest human validated ABSA benchmark.

To evaluate model performance, we adapt standard finetuning approach for
ABSA benchmarks as proposed by Sun et al. [2019]. Instead of single sentence
classification, we add another auxiliary sentence representing the aspect. For
instance, to predict the label for the ‘food’ aspect for “the food here is good but not
the service”, we append a single aspect token with a separator, and construct our
input sentence as “the food here is good but not the service [SEP] food”. Table 5.8
shows the performance results for our models under different conditions.



57

Table 5.9: Model performance on top-k author identity prediction with number of
train and dev examples.

Model Accuracy Macro-F1 # train # dev

Random (k=5) 0.16 0.15 1105 227
Random (k=10) 0.10 0.10 2072 519
Random (k=15) 0.07 0.07 2963 741

RoBERTa (k=5) 0.27 0.16 1105 227
RoBERTa (k=10) 0.14 0.05 2072 519
RoBERTa (k=15) 0.11 0.04 2963 741

5.10.3.5 Author Identity Prediction

One potential artifact of our benchmark is edited sentence may expose author
identity, which may result in artifact in interpreting model performance. To quantify
this potential artifact, we train models to predict author identities based on the
sentences. We create author identity prediction dataset by aggregating our dataset
by anonymized worker ids. We then split the dataset into train/dev with a 4-to-1
ratio. For model training, we finetune RoBERTa for 5 epochs with a batch size
of 32, a learning rate of 2e−5, and a maximum sequence length of 128. Note that
we only consider top-k annotators ranked by their contributions (i.e., number of
examples in our dataset). Table 5.9 shows the performance results of our finetuned
models with a random classifier. Our results suggest that potential artifacts may
exist but only for a limited extend.

5.10.4 Additional Results

In this section, we report additional results for bert-base-uncased, gpt-2,
roberta-base, and an LSTM, fine-tuned on binary, ternary and 5-way versions
of the sentiment task. These models are described in Appendix 5.10.3. Table 6.6
summarizes all the results.

We refer to the results section in the main text for an explanation of the different
metrics considered. Which metric is best depends on the final use-case and whether
it is more important to estimate the direction or the magnitude of the effect.

ICaCE-cosine Figure 5.10 shows the results for the ICaCE-Error with the cosine

distance metric. The explanation methods that take the direction of the interven-
tion into account (Approx, CONEXP, S-Learner) are the clear winners across all
different models considered. S-Learner marginally wins across the most settings,
but the conceptually simple Approx baseline is a close second. The strong perfor-
mance of this simple baseline across the board suggests that most methods perform
subpar, and that there is potential value in developing better concept-based model
explanation methods.

Both TCAV and ConceptSHAP struggle to achieve better-than-random perfor-
mance across all settings. Further analysis is needed to exactly understand why
these methods are struggling.
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Some additional trends emerge that require more analysis to fully understand.
For example, Approx generally increases in performance when evaluated on more
fine-grained classification settings, while CONEXP is typically worse here.

ICaCE-normdiff Figure 5.11 shows the results for the ICaCE-Error with the
normdiff distance metric. In general, it is more difficult for explanation methods
to estimate the magnitude of the intervention effect when the task increases in
complexity. For a given explanation method and model, best results are often
achieved for the binary classification problem.

The conceptually simple Approx baseline wins across the board. S-Learner is
only able to match its performance a few times. While previous results already
showed that most of the methods fall behind the Approx baseline, the results are
particularly striking for this metric.

While S-learner and CONEXP were somewhat comparable on the cosine metric,
their differences become clear on the normdiff metric: S-Learner is better at
estimating the magnitude of the intervention.

An interesting trend can be observed for TCAV, which has good performance
on the binary task but becomes worse than random when evaluated on the ternary
and 5-way settings. ConceptSHAP is the only method that consistently breaks
the upward trend when going from ternary to the 5-way setting. More analysis is
needed to understand both these phenomena.

ICaCE-L2 Figure 5.12 shows the results for the ICaCE-Error with the L2 distance
metric. Because this metric takes both the scale and direction of the effect into
account, it is slightly harder to interpret. In general, the performance drops when
evaluated on more fine-grained classification settings.

Again, the Approx baseline is a strong contestant, but on this metric the re-
sults are more varied. S-Learner is consistently the best at producing the closest
explanation in Euclidian distance to the real effect for the 5-way setting.

5.10.5 CausaLM

5.10.5.1 Our adaptation

The CausaLM algorithm was originally designed to estimate the average treatment
effect of a high-level concept on pre-trained language models. Its output estimator is
the textual representation averaged treatment effect (TReATE), which is computed
as:

TReATENϕ
(C;D) =

1

|D|

∑

x∈D

N ′
(
ϕCF
C (x)

)
−N

(
ϕ(x)

)
, (5.21)

where ϕCF
C denotes the learned counterfactual representation that information about

concept C is not present,N ′ is a classifier trained on this counterfactual representa-
tion, and D is a dataset.

However, for comparison on the CEBaB data, we require the estimation of
individual causal concept effects (ICaCE). To allow a fair comparison, we swap
the TReATE output estimator with TReITE (Equation 5.10). The only difference
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(a) ICaCE scores for 5-way sentiment classification setting.
Model Metric Random Approx CONEXP S-Learner TCAV ConceptSHAP CausaLM INLP

BERT

L2ICaCE 0.94 (.01) 0.81 (.01) 0.82 (.02) 0.74 (.02) 0.82 (.01) 1.25 (.01) 0.86 (.01) 0.80 (.02)
COSICaCE 1.00 (.00) 0.61 (.01) 0.72 (.01) 0.63 (.01) 1.00 (.00) 1.11 (.01) 0.78 (.00) 0.59 (.03)

NormDiffICaCE 0.67 (.02) 0.44 (.01) 0.62 (.02) 0.54 (.02) 0.78 (.02) 0.56 (.02) 0.68 (.02) 0.73 (.02)

RoBERTa

L2ICaCE 0.97 (.01) 0.83 (.01) 0.86 (.01) 0.78 (.01) 0.85 (.01) 1.24 (.01) 0.90 (.01) 0.84 (.01)
COSICaCE 1.00 (.01) 0.60 (.01) 0.74 (.00) 0.64 (.01) 1.01 (.00) 1.06 (.01) 0.77 (.00) 0.58 (.01)

NormDiffICaCE 0.72 (.01) 0.45 (.00) 0.67 (.01) 0.59 (.01) 0.83 (.01) 0.61 (.00) 0.74 (.00) 0.81 (.01)

GPT-2

L2ICaCE 0.81 (.02) 0.72 (.02) 0.68 (.02) 0.60 (.02) 0.68 (.02) 1.03 (.02) 0.76 (.02) 0.72 (.01)
COSICaCE 1.00 (.00) 0.59 (.01) 0.67 (.00) 0.59 (.01) 1.00 (.00) 1.00 (.00) 0.82 (.01) 1.00 (.00)

NormDiffICaCE 0.52 (.02) 0.41 (.01) 0.47 (.02) 0.40 (.01) 0.65 (.02) 0.46 (.01) 0.52 (.02) 0.58 (.03)

LSTM

L2ICaCE 0.89 (.01) 0.86 (.01) 0.79 (.01) 0.73 (.01) 0.78 (.02) 1.27 (.04) 0.76 (.01) 0.79 (.01)
COSICaCE 1.00 (.01) 0.64 (.01) 0.71 (.00) 0.64 (.01) 1.02 (.01) 1.00 (.00) 1.00 (.00) 0.74 (.02)

NormDiffICaCE 0.62 (.01) 0.50 (.01) 0.59 (.01) 0.53 (.01) 0.70 (.01) 0.54 (.00) 0.76 (.01) 0.60 (.01)

(b) ICaCE scores for ternary sentiment classification setting.
Model Metric Random Approx CONEXP S-Learner TCAV ConceptSHAP CausaLM INLP

BERT

L2ICaCE 0.79 (.01) 0.54 (.01) 0.65 (.00) 0.56 (.00) 0.56 (.00) 0.94 (.01) 0.72 (.00) 0.58 (.01)
COSICaCE 0.99 (.02) 0.61 (.02) 0.64 (.04) 0.54 (.04) 1.00 (.03) 1.21 (.01) 0.76 (.01) 0.69 (.01)

NormDiffICaCE 0.60 (.00) 0.42 (.01) 0.54 (.00) 0.48 (.00) 0.55 (.00) 0.62 (.01) 0.62 (.00) 0.55 (.01)

RoBERTa

L2ICaCE 0.79 (.01) 0.56 (.00) 0.65 (.01) 0.57 (.01) 0.55 (.01) 0.88 (.02) 0.74 (.01) 0.55 (.01)
COSICaCE 1.00 (.01) 0.62 (.01) 0.73 (.02) 0.62 (.02) 0.99 (.01) 1.12 (.02) 0.76 (.01) 0.72 (.01)

NormDiffICaCE 0.61 (.01) 0.43 (.00) 0.54 (.00) 0.48 (.00) 0.54 (.00) 0.61 (.01) 0.66 (.01) 0.54 (.01)

GPT-2

L2ICaCE 0.75 (.01) 0.57 (.01) 0.60 (.01) 0.52 (.01) 0.52 (.01) 0.69 (.01) 0.68 (.01) 0.61 (.03)
COSICaCE 1.00 (.01) 0.63 (.01) 0.59 (.01) 0.50 (.01) 1.00 (.00) 1.01 (.00) 0.79 (.01) 1.00 (.00)

NormDiffICaCE 0.54 (.01) 0.42 (.01) 0.47 (.01) 0.42 (.01) 0.51 (.01) 0.52 (.01) 0.55 (.01) 0.51 (.01)

LSTM

L2ICaCE 0.76 (.00) 0.58 (.01) 0.63 (.01) 0.55 (.01) 0.55 (.01) 1.03 (.04) 0.53 (.01) 0.68 (.01)
COSICaCE 1.00 (.01) 0.67 (.01) 0.63 (.00) 0.60 (.01) 1.01 (.01) 1.01 (.01) 1.00 (.00) 0.78 (.02)

NormDiffICaCE 0.56 (.01) 0.45 (.01) 0.51 (.00) 0.46 (.01) 0.51 (.01) 0.65 (.01) 0.52 (.01) 0.56 (.01)

(c) ICaCE scores for binary sentiment classification setting.
Model Metric Random Approx CONEXP S-Learner TCAV ConceptSHAP CausaLM INLP

BERT

L2ICaCE 0.60 (.01) 0.19 (.01) 0.51 (.00) 0.31 (.00) 0.31 (.01) 0.76 (.06) 0.57 (.01) 0.51 (.05)
COSICaCE 0.99 (.01) 0.75 (.04) 0.64 (.05) 0.66 (.04) 1.00 (.01) 1.20 (.02) 0.80 (.01) 0.79 (.00)

NormDiffICaCE 0.52 (.01) 0.19 (.01) 0.50 (.00) 0.30 (.00) 0.30 (.01) 0.55 (.05) 0.56 (.01) 0.50 (.04)

RoBERTa

L2ICaCE 0.59 (.01) 0.18 (.01) 0.51 (.00) 0.31 (.00) 0.29 (.01) 0.68 (.06) 0.61 (.00) 0.31 (.01)
COSICaCE 1.00 (.01) 0.78 (.02) 0.70 (.03) 0.71 (.03) 1.00 (.01) 1.12 (.02) 0.82 (.00) 0.80 (.00)

NormDiffICaCE 0.52 (.00) 0.18 (.00) 0.51 (.00) 0.31 (.00) 0.29 (.01) 0.54 (.04) 0.60 (.00) 0.31 (.01)

GPT-2

L2ICaCE 0.59 (.00) 0.19 (.01) 0.50 (.00) 0.31 (.00) 0.29 (.00) 0.39 (.01) 0.55 (.01) 0.45 (.01)
COSICaCE 1.01 (.01) 0.69 (.01) 0.58 (.01) 0.61 (.01) 1.00 (.00) 1.02 (.00) 0.79 (.01) 1.00 (.00)

NormDiffICaCE 0.51 (.01) 0.19 (.01) 0.50 (.00) 0.31 (.00) 0.29 (.00) 0.35 (.01) 0.53 (.01) 0.41 (.01)

LSTM

L2ICaCE 0.58 (.01) 0.20 (.01) 0.51 (.00) 0.32 (.01) 0.31 (.00) 0.78 (.05) 0.28 (.00) 0.47 (.01)
COSICaCE 1.00 (.01) 0.77 (.00) 0.70 (.01) 0.71 (.01) 1.01 (.01) 1.00 (.00) 1.00 (.00) 0.81 (.00)

NormDiffICaCE 0.50 (.01) 0.20 (.01) 0.50 (.00) 0.32 (.01) 0.29 (.00) 0.64 (.04) 0.28 (.00) 0.46 (.01)

Table 5.10: ICaCE scores on the test set for the binary, ternary and 5-way classifi-
cation settings. Lower is better. Results averaged over 5 distinct seeds; standard
deviations in parentheses.
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Figure 5.10: ICaCE-Error for all experiments using the cosine distance metric.
Lower is better. Results averaged over 5 distinct seeds. Error bars (in gray) display
the standard deviation. Stars denote the best results for a given classification setting.

between these estimators is that in TReITE we remove the average across D, and
output the estimated effect of individual examples.

5.10.5.2 Implementation details

For all counterfactual models, we optimize using the established Adam optimizer
with lr=2e-5, epochs=3, batch_size=48, and the relative weight of the
adversarial task, λ, is set to 0.1.

For both the factual models and fine-tuning phase, we optimize using the
Adam optimizer with lr=1e-3, epochs=50, and batch_size=256. The
differences in hyperparameter values is due to the different architectures we employ;
for the counterfactual models we train the entire language model (ϕ), and for the
factual models and the fine-tuning phase we freeze the embedding weights (ϕ) and
train only the classification head (N ).

All CausaLM models were trained using 2 Nvidia GTX 1080 Ti 12GB GPUs.
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Figure 5.11: ICaCE-Error for all experiments using the normdiff distance metric.
Lower is better. Results averaged over 5 distinct seeds. Error bars (in gray) display
the standard deviation. Stars denote the best results for a given classification setting.

5.10.6 INLP

5.10.7 Our adaptation

The INLP algorithm was originally designed to debias word embeddings by iter-
atively projecting them onto the null-space of some protected attribute (concept).
However, INLP may serve as an estimation method similar to CausaLM, with the
two following crucial differences. First, its lack of ability to control for potential
confounders. Second, it operates on the representation rather than on the actual
model weights. Since CausaLM and INLP share common characteristics, their
output estimators are computed in the same way. See §5.10.5 for extended details.

5.10.7.1 Implementation details

In order to guard for a “protected attribute” (concept), INLP determines whether
this concept is present in an embedding or not by learning a linear separator in the
embedding space. Following the practice suggested in the original paper, we choose
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Figure 5.12: ICaCE-Error for all experiments using the L2 distance metric. Lower

is better. Results averaged over 5 distinct seeds. Error bars (in gray) display the
standard deviation. Stars denote the best results for a given classification setting.

our linear separator to be an SVM learned using SGD with α = 0.01, ε = 0.001,
and max_iter=1000. Logistic regression showed similar behavior. We project
the representation to the null-space with respect to the concept 10 times. In fact,
and similarly to the original paper, we converge to random accuracy of predicting
the concept from the counterfactual representation after 4-5 iterations.

For all concepts, the classification head on top of the language model that
trained to predict the overall sentiment labels trains for 5 epochs using the Adam
optimizer with lr=2e-5.

5.10.8 TCAV

5.10.8.1 Our adaptation

The Testing with Concept Activation Vectors (TCAV) explanation method was
originally designed to count the percentage of test inputs from dataset D that are
positively influenced by some high-level concept. It outputs a count over the number
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of examples that are change towards the direction of concept C, and computed as:

TCAVNϕ
(k, C;D) =

|{x ∈ D : ∇Nk(ϕ(x)) · vC > 0}|

|D|
, (5.22)

where k is some class index and vC is a linear direction in the activation space, given
by the coefficients of a linear separator trained to distinguish between examples
that include or exclude the concept C.

While TCAV’s output is a count over examples, we use the raw sensitivity
(directional derivative). This approach is supported by the authors of the original
paper: “one could also use a different metric that considers the magnitude of the
conceptual sensitivities” Kim et al. [2018]. Also, since TCAV operates on the
gradients of a model’s logits but the ICaCEs are the difference of two probability
vectors, we normalize its outputs by taking Tanh.

5.10.8.2 Implementation details

To learn the Concept Activation Vector (CAV, i.e., a linear direction in the activation
space of ϕ), we train a linear separator to distinguish between examples that include
the concept (labeled positive or negative) and examples that do not include it
(labeled unknown). When learning CAVs, we drop all CEBaB train examples that
are not labeled for aspect (concept) or do not have a majority with respect to the
aspect.

Identically to the original paper, our CAV linear separator is an SVM learned
using SGD with α = 0.01, ε = 0.001 and max_iter = 1000.

5.10.9 ConceptSHAP

5.10.9.1 Our adaptation

The original ConceptSHAP algorithm takes a complete set of concepts C ∈
{C1, ..., Cm} (such that its completeness score in Equation 5.25 is higher than
some threshold) and outputs the relative contribution to the test accuracy of each
Ci. It outputs an estimator given by the following formula

Shapley{C1,...,Cm}
(C) =

∑

S⊆{C1,...,Cm}\C

(m− |S| − 1)! |S|!

m!
[η(S ∪ {C})− η(S)], (5.23)

where η is a scoring function operating on sets of concepts that output accuracy
ratios.

Similarly to the other methods, if η outputs accuracy ratios, then the output of
ConceptSHAP is not a suitable estimator for ICaCE. Our straightforward adaptation
for ConceptSHAP is to make η output class probabilities for classes instead of
accuracy ratios.
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Our adapted version outputs a vector for each C ∈ {C1, . . . , Cm} and x

according to the following equation:

ConceptSHAPNϕ
(C;x) =

∑

S⊆{C1,...,Cm}\C

(m− |S| − 1)! |S|!

m!
[η(S ∪ {C})− η(S)], (5.24)

where η is a function defined as ηNϕ
(S) = supgN

(
g
(
VS ϕ(x)

))
, and VS is a

matrix with the learned concept directions as its rows VS =
(
vTC

)
C∈S

∈ R|S|×h.
Yeh et al. [2020] calculate concept directions vCj

automatically by learning a
neural network classifier. To allow for a fair comparison between ConceptSHAP and
the other evaluated methods, we use the concept activation vectors vC1

, . . . , vCm

as the input concepts (similarly to those used in Kim et al. [2018]).
In addition, in the original paper the authors learn the concepts vC automatically,

by using a carefully constructed loss function. To allow a fair comparison, we learn
the concept vector by exploiting our labeled aspects (concepts), in a way similar to
TCAV. See Section 5.10.8.2 for more details.

5.10.9.2 Completeness Scores of Treatment Concepts

Given a feature representation ϕ and a classification head N , the completeness
score is defined by:

completenessNϕ
(S;D,Y ) =

supg
1
|D|

∑
(x,y)∈D,Y 1

[
y = argmaxy′ Ny′

(
g
(
VS ϕ(x)

))]
− ar

1
|D|

∑
(x,y)∈D,Y 1

[
y = argmaxy′ Ny′

(
ϕ(x)

)]
− ar

, (5.25)

where ar is is the accuracy of a classifier that outputs random predictions, S ⊆
{C1, ..., Cm} and VS is a matrix with the learned concept directions as its rows
VS =

(
vTC

)
C∈S

∈ R|S|×h.
For all models, the completeness we get for the set of concepts is larger than

0.9, for S = {ambiance, food, service, noise} .

5.10.9.3 Hyperparameters

The hyperparameters for CAV are identical to those of TCAV (Section 5.10.8.2).
To calculate η and the completeness score, we follow the original paper and set g to
be a two-layer perceptron with 500 hidden units, learned using Adam optimizer for
50 epochs, employing lr=1e-2 and batch_size=128.
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Technical: Learning to Interpret

In this chapter, we aim to improve the faithfulness of AI interpretability methods,
building on the data and formalisms developed in the previous chapter for measuring
AI interpretations. We propose a radical new approach to AI interpretability by
using a secondary black-box system to interpret the primary AI model. This method
involves learning to predict how the primary model will respond to changes in
the input, and is trained using the counterfactual dataset created in the previous
chapter. The results demonstrate significantly more faithful explanations of the
initial model’s behavior, paving the way for AI model to faithfully interpret other
AI models.

* * *

Causal Proxy Models for Concept-based Model Expla-
nations

Zhengxuan Wu∗, Karel D’Oosterlinck∗, Atticus Geiger∗, Amir Zur, Christo-

pher Potts

Proceedings of the 40th International Conference on Machine Learning (ICML

2023)

∗Equal contribution.
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6.1 Abstract

Explainability methods for NLP systems encounter a version of the fundamental
problem of causal inference: for a given ground-truth input text, we never truly
observe the counterfactual texts necessary for isolating the causal effects of model
representations on outputs. In response, many explainability methods make no use
of counterfactual texts, assuming they will be unavailable. In this paper, we show
that robust causal explainability methods can be created using approximate counter-
factuals, which can be written by humans to approximate a specific counterfactual
or simply sampled using metadata-guided heuristics. The core of our proposal is
the Causal Proxy Model (CPM). A CPM explains a black-box model N because
it is trained to have the same actual input/output behavior as N while creating
neural representations that can be intervened upon to simulate the counterfactual

input/output behavior of N . Furthermore, we show that the best CPM for N per-
forms comparably to N in making factual predictions, which means that the CPM
can simply replace N , leading to more explainable deployed models.

6.2 Introduction

The gold standard for explanation methods in AI should be to elucidate the causal

role that a model’s representations play in its overall behavior – to truly explain why

the model makes the predictions it does. Causal explanation methods seek to do
this by resolving the counterfactual question of what the model would do if input X
were changed to a relevant counterfactual version X ′. Unfortunately, even though
neural networks are fully observed, deterministic systems, we still encounter the
fundamental problem of causal inference [Holland, 1986]: for a given ground-truth
input X , we never observe the counterfactual inputs X ′ necessary for isolating the
causal effects of model representations on outputs. The issue is especially pressing
in domains where it is hard to synthesize approximate counterfactuals. In response
to this, explanation methods typically do not explicitly train on counterfactuals at
all.

In this paper, we show that robust explanation methods for NLP models can be
obtained using texts approximating true counterfactuals. The heart of our proposal
is the Causal Proxy Model (CPM). CPMs are trained to mimic both the factual
and counterfactual behavior of a black-box model N . We explore two different
methods for training such explainers. These methods share a distillation-style
objective that pushes them to mimic the factual behavior of N , but they differ in
their counterfactual objectives. The input-based method CPMIN appends to the
factual input a new token associated with the counterfactual concept value. The
hidden-state method CPMHI employs the Interchange Intervention Training (IIT)
method of Geiger et al. [2022] to localize information about the target concept in
specific hidden states. Figure 6.1 provides a high-level overview.

We evaluate these methods on the CEBaB benchmark for causal explanation
methods [Abraham et al., 2022], which provides large numbers of original examples
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(restaurant reviews) with human-created counterfactuals for specific concepts (e.g.,
service quality), with all the texts labeled for their concept-level and text-level
sentiment. We consider two types of approximate counterfactuals derived from
CEBaB: texts written by humans to approximate a specific counterfactual, and
texts sampled using metadata-guided heuristics. Both approximate counterfactual
strategies lead to state-of-the-art performance on CEBaB for both CPMIN and
CPMHI.

We additionally identify two other benefits of using CPMs to explain models.
First, both CPMIN and CPMHI have factual performance comparable to that of
the original black-box model N and can explain their own behavior extremely
well. Thus, the CPM for N can actually replace N , leading to more explainable
deployed models. Second, CPMHI models localize concept-level information in
their hidden representations, which makes their behavior on specific inputs very
easy to explain. We illustrate this using Path Integrated Gradients [Sundararajan
et al., 2017], which we adapt to allow input-level attributions to be mediated by the
intermediate states that were targeted for localization. Thus, while both CPMIN and
CPMHI are comparable as explanation methods according to CEBaB, the qualitative
insights afforded by CPMHI models may given them the edge when it comes to
explanations.

6.3 Related Work

Understanding model behavior serves many goals for large-scale AI systems, in-
cluding transparency [Kim, 2015, Lipton, 2018, Pearl, 2019, Ehsan et al., 2021],
trustworthiness [Ribeiro et al., 2016, Guidotti et al., 2018, Jacovi and Goldberg,
2020, Jakesch et al., 2019], safety [Amodei et al., 2016, Otte, 2013], and fair-
ness [Hardt et al., 2016, Kleinberg et al., 2017, Goodman and Flaxman, 2017,
Mehrabi et al., 2021]. With CPMs, our goal is to achieve explanations that are
causally motivated and concept-based, and so we concentrate here on relating
existing methods to these two goals.

Feature attribution methods estimate the importance of features, generally by
inspecting learned weights directly or by perturbing features and studying the
effects this has on model behavior [Molnar, 2020, Ribeiro et al., 2016]. Gradient-
based feature attribution methods extend this general mode of explanation to the
hidden representations in deep networks [Zeiler and Fergus, 2014, Springenberg
et al., 2014, Binder et al., 2016, Shrikumar et al., 2017, Sundararajan et al., 2017].
Concept Activation Vectors (CAVs; Kim et al. 2018, Yeh et al. 2020) can also be
considered feature attribution methods, as they probe for semantically meaningful
directions in the model’s internal representations and use these to estimate the
importance of concepts on the model predictions. While some methods in this
space do have causal interpretations (e.g., Sundararajan et al. 2017, Yeh et al. 2020),
most do not. In addition, most of these methods offer explanations in terms of
specific (sets of) features/neurons. (Methods based on CAVs operate directly in
terms of more abstract concepts.)
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Intervention-based methods study model representations by modifying them in
systematic ways and observing the resulting model behavior. These methods are
generally causally motivated and allow for concept-based explanations. Examples
of methods in this space include causal mediation analysis [Vig et al., 2020, De Cao
et al., 2021, Ban et al., 2022], causal effect estimation [Feder et al., 2021b, Elazar
et al., 2021, Abraham et al., 2022, Lovering and Pavlick, 2022], tensor product
decomposition [Soulos et al., 2020], and causal abstraction analysis [Geiger et al.,
2020, 2021]. CPMs are most closely related to the method of IIT [Geiger et al.,
2021], which extends causal abstraction analysis to optimization.

Probing is another important class of explanation method. Traditional probes
do not intervene on the target model, but rather only seek to find information in it
via supervised models [Conneau et al., 2018, Tenney et al., 2019] or unsupervised
models [Clark et al., 2019b, Manning et al., 2020, Saphra and Lopez, 2019]. Probes
can identify concept-based information, but they cannot offer guarantees that
probed information is relevant for model behavior [Geiger et al., 2021]. For causal
guarantees, it is likely that some kind of intervention is required. For example,
Elazar et al. [2021] and Feder et al. [2021b] remove information from model
representations to estimate the causal role of that information. Our CPMs employ a
similar set of guiding ideas but are not limited to removing information.

Counterfactual explanation methods aim to explain model behavior by providing
a counterfactual example that changes the model behavior [Goyal et al., 2019, Verma
et al., 2020, Wu et al., 2021]. Counterfactual explanation methods are inherently
causal. If they can provide counterfactual examples with regard to specific concepts,
they are also concept-based.

Some explanation methods train a model making explicit use of intermediate
variables representing concepts. Manipulating these intermediate variables at
inference time yields causal concept-based model explanations [Koh et al., 2020,
Künzel et al., 2019].

Evaluating methods in this space has been a persistent challenge. In prior litera-
ture, explanation methods have often been evaluated against synthetic datasets [Feder
et al., 2021b, Yeh et al., 2020]. In response, Abraham et al. [2022] introduced
the CEBaB dataset, which provides a human-validated concept-based dataset to
truthfully evaluate different causal concept-based model explanation methods. Our
primary evaluations are conducted on CEBaB.

6.4 Causal Proxy Model (CPM)

Causal Proxy Models (CPMs) are causal concept-based explanation methods. Given
a factual input xu,v and a description of a concept intervention Ci ← c′, they esti-
mate the effect of the intervention on model output. The present section introduces
our two core CPM variants in detail. We concentrate here on introducing the
structure of these models and their objectives, and we save discussion of associated
metrics for explanation methods for Section 6.5.
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(a) A structural causal model leading to an
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u,v . U is an exogenous variable over ex-
periences, c1, . . . , ck are mediating concepts,
and V is an exogenous variable capturing the
writing (and star-rating) experience. At right,
we create a counterfactual in which concept
Ci takes on a different value. Unfortunately,
we cannot truly create such counterfactual sit-
uations and so we never observe pairs of texts
like these. Thus, we must rely on approxi-
mate counterfactuals.

Let xu,v be a text written in situation
(u, v):

Human-created x̃Ci←c′
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Crowdworker edit of xu,v to express that
Ci had value c′, seeking to keep all else
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Sampled text expressing that Ci has value
c′ but agreeing with xu,v on all other con-
cepts.

(b) Approximate counterfactuals. In the
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to express a counterfactual, simulating a
causal intervention. In the metadata-sampled
strategy, we find a text that aligns with the
original for u while differing in the target
concept Ci.
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This intervention localizes information about
Ci, as the CPM learns about Ci ← c′ solely
through it.

Figure 6.1: Causal Proxy Model (CPM) summary. Every CPM for model N is
trained to mimic the factual behavior ofN (LMimic). For CPMIN, the counterfactual
objective is LIN. For CPMHI, the counterfactual objective is LHI.
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A Structural Causal Model Our discussion is grounded in the causal model
depicted in Figure 6.1a, which aligns well with the CEBaB benchmark. Two
exogenous variables U and V together represent the complete state of the world
and generate some textual data X . The effect of exogenous variable U on the data
X is completely mediated by a set of intermediate variables C1, C2 . . . , Ck, which
we refer to as concepts. Therefore, we can think of U as the part of the world that
gives rise to these concepts {C}k1 .

Using this causal model, we can describe counterfactual data – data that arose
under a counterfactual state of the world (right diagram in Figure 6.1a). Our factual
text is xu,v , and we use xCi←c′

u,v for the counterfactual text obtained by intervening

on concept Ci to set its value to c′. The counterfactual xCi←c′

u,v describes the output
when the value of Ci is set to c′, all else being held equal.

Approximate Counterfactuals Unfortunately, pairs like (xu,v, x
Ci←c′

u,v ) are never
observed, and thus we need strategies for creating approximate counterfactuals
x̃Ci←c′

u,v . Figure 6.1b describes the two strategies we use in this paper. In the human-
created strategy, we rely on a crowdworker to edit xu,v to achieve a particular
counterfactual goal – say, making the evaluation of the restaurant’s food negative.
CEBaB contains an abundance of such pairs (xu,v, x̃

Ci←c′

u,v ). However, CEBaB is
unusual in having so many human-created approximate counterfactuals, so we also
explore a simpler strategy in which x̃Ci←c′

u,v is sampled with the requirement that
it match xu,v on all concepts but sets Ci to c′. This strategy is supported in many
real-world datasets – for example, the OpenTable reviews underlying CEBaB all
have the needed metadata [Abraham et al., 2022].

CPMIN: Input-based CPM Given a dataset of approximate counterfactual pairs
(xu,v, x̃

Ci←c′

u,v ) and a black-box model N , we train a new CPMIN model P with a
counterfactual objective as:

LIN = CES
(
N (x̃Ci←c′

u,v ),P(xu,v; tCi←c′)
)

(6.1)

where xu,v; tCi←c′ in Eqn. 6.1 denotes the concatenation of the factual input and a
randomly initialized learnable token embedding tCi←c′ describing the intervention
Ci ← c′. CES represents the smoothed cross-entropy loss [Hinton et al., 2015],
measuring the divergence between the output logits of both models. The objective
in Eqn. 6.1 pushes P to predict the counterfactual behavior of N when a descriptor
of the intervention is given (Figure 6.1d).1

At inference time, approximate counterfactuals are inaccessible. To explain
model N , we append the trained token embedding tCi←c′ to a factual input, upon
which P predicts a counterfactual output for this input, used to estimate the coun-
terfactual behavior of N under this intervention.

CPMHI: Hidden-state CPM Our CPMHI models are trained on the same data and
with the same set of goals as CPMIN, to mimic both the factual and counterfactual

1Our objective is regard to a single approximate counterfactual pair for the sake of clarity. At
train-time, we aggregate the objective over all considered training pairs. We take Ci to always represent
the intervened-upon concept. The weights of N are frozen.
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behavior of N . The key difference is how the information about the intervention
Ci ← c′ is exposed to the model. Specifically, we adapt Interchange Intervention
Training [Geiger et al., 2022] to train our CPMHI models for concept-based model
explanation.

A conventional intervention on a hidden representation H of a neural networkN
fixes the value of the representation H to a constant. In an interchange intervention,
we instead fix H to the value it would have been when processing a separate source
input s. The result of the interchange intervention is a new model. Formally, we
describe this new model as NH←Hs

, where ← is the conventional intervention
operator and Hs is the value of hidden representation H when processing input s.

Given a dataset of approximate counterfactual input pairs (xu,v, x̃
Ci←c′

u,v ) and a
black-box model N , we train a new CPMHI model P with the following counter-
factual objective:

LHI = CES
(
N (x̃Ci←c′

u,v ),P
HCi←H

Ci
s
(xu,v)

)
(6.2)

Here HCi are hidden states designated for concept Ci. In essence, we train P to
fully mediate the effect of intervening on Ci in the hidden representation HCi . The
source input s is any input xCi=c′

u′,v′ that has Ci = c′. As P only receives information
about the concept-level intervention Ci ← c′ via the interchange intervention
HCi ← HCi

s , the model is forced to store all causally relevant information with
regard to Ci in the corresponding hidden representation. This process is described
in Figure 6.1e.

In the ideal situation, the source input xCi=c′

u′,v′ and xu,v share the same value
only for Ci and differ on all others, so that the counterfactual signal needed for
localization is pure. However, we do not insist on this when we sample. In addition,
we allow null effect pairs in which xu,v and x̃Ci←c′

u,v are identical. For additional
details on this sampling procedure, see Appendix 6.9.2.

At inference time, approximate counterfactuals are inaccessible, as before. To
explain model N with regard to intervention Ci ← c′, we manipulate the internal
states of model P by intervening on the localized representation HCi for concept
Ci. To achieve this, we sample a source input xCi=c′

u′,v′ from the train set as any input
x that has Ci = c′ to derive HCi

s .

Training Objectives We include another distillation objective to predict the same
output asN under conventional circumstances asLMimic = CES

(
N (xu,v),P(xu,v)

)
.

The overall training objective for our models can be written as L = λ1LMimic +
λ2LCounterfactual where LCounterfactual can be either LIN or LHI, and we set λ1, λ2 as
1.0 and 3.0 for simplicity.
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6.5 Experiment Setup

6.5.1 Causal Estimation-Based Benchmark (CEBaB)

CEBaB [Abraham et al., 2022] is a large benchmark of high-quality, labeled ap-
proximate counterfactuals for the task of sentiment analysis on restaurant reviews.
The benchmark was created starting from a set of 2,299 original restaurant reviews
from OpenTable. For each of these original reviews, approximate counterfactual
examples were written by human annotators; the annotators were tasked to edit the
original text to reflect a specific intervention, like ‘change the food evaluation from
negative to positive’ or ‘change the service evaluation from positive to unknown’. In
this way, the original reviews were expanded with approximate counterfactuals to a
total of 15,089 texts. The groups of originals and corresponding approximate coun-
terfactuals are partitioned over train, dev, and test sets. The pairs in the development
and test set are used to benchmark explanation methods.

Each text in CEBaB was labeled by five crowdworkers with a 5-star sentiment
score. In addition, each text was annotated at the concept level for four mediating
concepts {Cambiance, Cfood, Cnoise, and Cservice}, using the three labels again with
five crowdworkers annotating each concept-level label. We refer to Appendix 6.9.1
and Abraham et al. 2022 for additional details.

As discussed above (Section 6.4 and Figure 6.1b), we consider two sources of
approximate counterfactuals using CEBaB. For human-created counterfactuals, we
use the edited restaurant reviews of the train set. For metadata-sampled counterfac-
tuals, we sample factual inputs from the train set that have the desired combination
of mediating concepts. Using all the human-created edits leads to 19,684 training
pairs of factuals and corresponding approximate counterfactuals. Sampling coun-
terfactuals leads to 74,574 pairs. We use these approximate counterfactuals to train
explanation methods. Appendix 6.9.2 provides more information about our pairing
process.

6.5.2 Evaluation Metrics

Much of the value of a benchmark like CEBaB derives from its support for directly
calculating the Estimated Individual Causal Concept Effect (ÎCaCEN ) for a model
N given a human-generated approximate counterfactual pair (xu,v, x̃

Ci←c′

u,v ):

ÎCaCEN (xu,v, x̃
Ci←c′

u,v ) = N (x̃Ci←c′

u,v )−N (xu,v) (6.3)

This is simply the difference between the vectors of output scores for the two
examples.

We do not expect to have pairs (xu,v, x̃
Ci←c′

u,v ) at inference time, and this
is what drives the development of explanation methods EN that estimate this
quantity using only a factual input xu,v and a description of the intervention Ci ←
c′. To benchmark such methods, we follow Abraham et al. [2022] in using the
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ICaCE-Error:

ICaCE-ErrorDN (E) =

1

|D|

∑

(xu,v,x̃
Ci←c′

u,v )∈D

Dist
(
ÎCaCEN ((xu,v, x̃

Ci←c′

u,v )), EN (xu,v;Ci ← c′)
)

(6.4)

Here, we assume that D is a dataset consisting entirely of approximate counterfac-
tual pairs (xu,v, x̃

Ci←c′

u,v ). Dist measures the distance between the ÎCaCEN for the
modelN and the effect predicted by the explanation method. Abraham et al. [2022]
consider three values for Dist: L2, which captures both direction and magnitude;
Cosine distance, which captures the direction of effects but not their magnitude;
and NormDiff (absolute difference of L2 norms), which captures magnitude but not
direction. We report all three metrics.

6.5.3 Baseline Methods

BESTCEBaB We compare our results with the best results obtained on the CEBaB
benchmark. Crucially, BESTCEBaB consists aggregated best results from a set
of methods including CONEXP [Goyal et al., 2020], TCAV [Kim et al., 2018],
ConceptSHAP [Yeh et al., 2020], INLP [Ravfogel et al., 2020], CausaLM [Feder
et al., 2021b], and S-Learner [Künzel et al., 2019].

S-Learner Our version of S-Learner [Künzel et al., 2019] learns to mimic the
factual behavior of black-box model N while making the intermediate concepts
explicit. Given a factual input, a finetuned model B is trained to predict concept
label for each concept as an aspect-based sentiment classification task. Then, a
logistic regression model LRN is trained to map these intermediate concept values
to the factual output of black-box model N , under the following objective.

LS,B
Mimic = CES

(
N (xu,v), LRN (B(xu,v))

)
(6.5)

By intervening on the intermediate predicted concept values at inference-time, we
can hope to simulate the counterfactual behavior of N :

ES,B
N (xu,v;Ci ← c′) = LRN ((B(xu,v))Ci←c′)− LRN (B(xu,v)) (6.6)

When using S-Learner in conjunction with approximate counterfactual inputs at
train-time, we simply add this counterfactual data on top of the observational data
that is typically used to train S-Learner.

GPT-3 Large language models such as GPT-3 (175B) have shown extraordinary
power in terms of in-context learning [Brown et al., 2020].2 We use GPT-3 to
generate a new approximate counterfactual at inference time given a factual input

2We use the largest davinci model publicly available at https://beta.openai.com/
playground.

https://beta.openai.com/playground
https://beta.openai.com/playground
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and a descriptor of the intervention. This generated counterfactual is directly used
to estimate the change in model behavior:

EGPT-3
N (xu,v;Ci ← c′) = N (GPT-3(xu,v;Ci ← c′))−N (xu,v) (6.7)

where GPT-3(xu,v;Ci ← c′) represents the GPT-3 generated counterfactual edits.
We prompt GPT-3 with demonstrations containing approximate counterfactual
inputs. Full details on how these prompts are constructed can be found in Ap-
pendix 6.9.7.

6.5.4 Causal Proxy Models

We train CPMs for the publicly available models released for CEBaB, fine-tuned as
five-way sentiment classifiers on the factual data. This includes four model archi-
tectures: bert-base-uncased (BERT; Devlin et al. 2019), RoBERTa-base
(RoBERTa; Liu et al. 2019), GPT-2 (GPT-2; Radford et al. 2019), and LSTM

with GloVe (LSTM; Hochreiter and Schmidhuber 1997, Pennington et al. 2014).
All Transformer-based models [Vaswani et al., 2017] have 12 Transformer layers.
Before training, each CPM model is initialized with the architecture and weights of
the black-box model we aim to explain. Thus, the CPMs are rooted in the factual
behavior of N from the start. We include details about our setup in Appendix 6.9.3.

The inference time comparisons for these models are as follows, where P in
Eqn. 6.8 and Eqn. 6.9 refers to the CPM model trained under CPMIN and CPMHI

objectives, respectively:

ECPMIN
N (xu,v;Ci ← c′) = P(xu,v; tCi←c′)−N (xu,v) (6.8)

ECPMHI
N (xu,v;Ci ← c′) = P

HCi←H
Ci
s
(xu,v)−N (xu,v) (6.9)

Here, s is a source input with Ci = c′, and HCi is the neural representation
associated with Ci which takes value HCi

s on the source input s. As HCi , we use
the representation of the [CLS] token. Specifically, for BERT we use slices of
width 192 taken from the 1st intermediate token of the 10th layer. For RoBERTa,
we use the 8th layer instead. For GPT-2, we pick the final token of the 12th
layer, again with slice width of 192. For LSTM, we consider slices of the attention-
gated sentence embedding with width 64. Appendix 6.9.5 studies the impact of
intervention location and size.

Following the guidance on IIT given by Geiger et al. [2022], we train CPMHI

with an additional multi-task objective as LMulti =
∑

Ci∈C
CE(MLP(HCi

x ), c)

where probe is parameterized by a multilayer perceptron MLP, and HCi
x is the

value of hidden representation for the concept Ci when processing input x with a
concept label of c for Ci.

6.6 Results

We first benchmark both CPM variants and our baseline methods on CEBaB. We
show that the CPMs achieve state-of-the-art performance, for both types of approxi-
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no counterfactuals sampled counterfactuals human-created counterfactuals

(ours) (ours) (ours) (ours)
Model Metric BESTCEBaB S-Learner S-Learner GPT-3 CPMIN CPMHI S-Learner GPT-3 CPMIN CPMHI

BERT

L2 0.74 (.02) 0.74 (.02) 0.74 (.02) 0.71 (.01) 0.63 (.01) 0.60 (.01) 0.73 (.02) 0.45 (.01) 0.45 (.02) 0.45 (.03)

Cosine 0.59 (.03) 0.63 (.01) 0.63 (.01) 0.51 (.00) 0.46 (.00) 0.45 (.00) 0.60 (.01) 0.36 (.00) 0.35 (.00) 0.36 (.04)

NormDiff 0.44 (.01) 0.54 (.02) 0.53 (.02) 0.35 (.01) 0.39 (.01) 0.38 (.00) 0.52 (.02) 0.25 (.00) 0.24 (.01) 0.27 (.01)

RoBERTa

L2 0.78 (.01) 0.78 (.01) 0.78 (.00) 0.74 (.01) 0.66 (.01) 0.67 (.02) 0.77 (.00) 0.48 (.01) 0.46 (.01) 0.47 (.03)

Cosine 0.58 (.01) 0.64 (.01) 0.65 (.01) 0.53 (.01) 0.46 (.00) 0.47 (.00) 0.63 (.01) 0.39 (.00) 0.38 (.01) 0.39 (.03)

NormDiff 0.45 (.00) 0.59 (.01) 0.58 (.00) 0.36 (.00) 0.42 (.01) 0.45 (.03) 0.56 (.00) 0.28 (.01) 0.26 (.01) 0.29 (.05)

GPT-2

L2 0.60 (.02) 0.60 (.02) 0.61 (.01) 0.65 (.01) 0.55 (.01) 0.51 (.01) 0.61 (.01) 0.43 (.01) 0.41 (.01) 0.41 (.04)

Cosine 0.59 (.01) 0.59 (.01) 0.59 (.01) 0.52 (.00) 0.47 (.01) 0.46 (.00) 0.59 (.01) 0.40 (.00) 0.37 (.01) 0.39 (.05)

NormDiff 0.40 (.01) 0.40 (.01) 0.41 (.01) 0.34 (.00) 0.32 (.01) 0.30 (.00) 0.40 (.01) 0.24 (.01) 0.23 (.01) 0.27 (.05)

LSTM

L2 0.73 (.01) 0.73 (.01) 0.73 (.01) 0.76 (.00) 0.66 (.01) 0.64 (.02) 0.72 (.00) 0.49 (.00) 0.52 (.00) 0.54 (.01)

Cosine 0.64 (.01) 0.64 (.01) 0.64 (.01) 0.57 (.01) 0.50 (.00) 0.50 (.01) 0.63 (.01) 0.44 (.00) 0.45 (.01) 0.46 (.00)

NormDiff 0.50 (.01) 0.53 (.01) 0.53 (.00) 0.41 (.00) 0.42 (.00) 0.41 (.01) 0.54 (.00) 0.30 (.00) 0.34 (.01) 0.36 (.00)

Table 6.1: CEBaB scores measured in three different metrics on the test set for four
different model architectures as a five-class sentiment classification task. Lower

is better. Results averaged over three distinct seeds, standard deviations in paren-
theses. The metrics are described in Section 6.5. Best averaged result is bolded
(including ties) per approximate counterfactual creation strategy.

mate counterfactuals used during training (Section 6.6.1). Given the good factual
performance achieved by CPMs, we subsequently investigate whether CPMs can be
deployed both as predictor and explanation method at the same time (Section 6.6.2)
and find that they can. Finally, we show that the localized representations of CPMHI

give rise to concept-aware feature attributions (Section 6.6.3). Our supplemen-
tary materials report on detailed ablation studies and explore the potential of our
methods for model debiasing.

6.6.1 CEBaB Performance

Table 6.1 presents our main results. The results are grouped per approximate coun-
terfactual type used during training. Both CPMIN and CPMHI beat BESTCEBaB in
every evaluation setting by a large margin, establishing state-of-the-art explanation
performance. Interestingly, CPMHI seems to slightly outperform CPMIN using
sampled approximate counterfactuals, while slightly underperforming CPMIN on
human-created approximate counterfactuals. Appendix 6.9.6 reports on ablation
studies that indicate that, for CPMHI, this state-of-the-art performance is primarily
driven by the role of IIT in localizing concepts.

S-Learner, one of the best individual explainers from the original CEBaB
paper [Abraham et al., 2022], shows only a marginal improvement when naively
incorporating sampled and human-created counterfactuals during training over
using no counterfactuals. This indicates that the large performance gains achieved
by our CPMs over previous explainers are most likely due to the explicit use of
a counterfactual training signal, and not primarily due to the addition of extra
(counterfactual) data.

GPT-3 occasionally performs on-par with our CPMs, generally only slightly
underperforming our best explainer on human-created counterfactuals, while being
significantly worse on sampled counterfactuals. While the GPT-3 explainer also
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explicitly uses approximate counterfactual data, the results indicate that our pro-
posed counterfactual mimic objectives give better results. The better performance
of CPMs when considering sampled counterfactuals over GPT-3 shows that our
approach is more robust to the quality of the approximate counterfactuals used.
While the GPT-3 explainer is easy to set up (no training required), it might not be
suitable for some explanation applications regardless of performance, due to the
latency and cost involved in querying the GPT-3 API.

Across the board, explainers trained with human-created counterfactuals are
better than those trained with sampled counterfactuals. This shows that the perfor-
mance of explanation methods depends on the quality of the approximate counter-
factual training data. While human counterfactuals give excellent performance, they
may be expensive to create. Sampled counterfactuals are cheaper if the relevant
metadata is available. Thus, under budgetary constraints, sampled counterfactuals
may be more efficient.

Finally, CPMIN is conceptually the simpler of the two CPM variants. However,
we discuss in Section 6.6.3 how the localized representations of CPMHI lead to
additional explainability benefits.

6.6.2 Self-Explanation with CPM

As outlined in Section 6.4, CPMs learn to mimic both the factual and counterfactual
behavior of the black-box models they are explaining. We show in Table 6.2 that our
CPMs achieve a factual Macro-F1 score comparable to the black-box finetuned
models.

We investigate if we can simply replace the black-box model with our CPM
and use the CPM both as factual predictor and counterfactual explainer. To answer
this questions, we measure the self-explanation performance of CPMs by simply
replacing the black-box model N in Eqn. 6.4 with our factual CPM predictions at
inference time.

Table 6.3 reports these results. We find that both CPMIN and CPMHI achieve
better self-explanation performance compared to providing explanations for an-
other black-box model. Furthermore, CPMHI provides better self-explanation than
CPMIN, suggesting our interchange intervention procedure leads the model to lo-
calize concept-based information in hidden representations. This shows that CPMs
may be viable as replacements for their black-box counterpart, since they provide
similar task performance while providing faithful counterfactual explanations of
both the black-box model and themselves.

6.6.3 Concept-Aware Feature Attribution with CPMHI

We have shown that CPMHI provides trustworthy explanations (Section 6.6.1). We
now investigate whether CPMHI learns representations that mediate the effects of
different concepts. We adapt Integrated Gradients (IG; Sundararajan et al. 2017) to
provide concept-aware feature attributions, by only considering gradients flowing
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sampled human-created

Black- counterfactuals counterfactuals

Model box CPMIN CPMHI CPMIN CPMHI

BERT 0.70 (.01) 0.70 (.00) 0.67 (.02) 0.70 (.01) 0.69 (.01)

RoBERTa 0.70 (.00) 0.70 (.00) 0.69 (.01) 0.71 (.01) 0.71 (.00)

GPT-2 0.65 (.00) 0.65 (.00) 0.67 (.01) 0.66 (.01) 0.68 (.00)

LSTM 0.60 (.01) 0.60 (.01) 0.56 (.00) 0.54 (.00) 0.59 (.01)

Table 6.2: Task performance measured
as Macro-F1 score on the test set. Re-
sults averaged over three distinct seeds;
standard deviations in parentheses.

sampled human-created

counterfactuals counterfactuals

Model Metric CPMIN CPMHI CPMIN CPMHI

BERT

L2 0.63 (.01) 0.52 (.04) 0.42 (.02) 0.38 (.03)

Cosine 0.46 (.00) 0.45 (.01) 0.34 (.02) 0.30 (.06)

NormDiff 0.39 (.01) 0.33 (.02) 0.23 (.01) 0.22 (.05)

RoBERTa

L2 0.66 (.01) 0.63 (.04) 0.40 (.01) 0.37 (.04)

Cosine 0.46 (.00) 0.48 (.01) 0.33 (.01) 0.29 (.04)

NormDiff 0.42 (.01) 0.42 (.05) 0.21 (.01) 0.23 (.05)

GPT-2

L2 0.55 (.01) 0.41 (.03) 0.38 (.01) 0.36 (.04)

Cosine 0.47 (.01) 0.39 (.02) 0.37 (.01) 0.35 (.05)

NormDiff 0.32 (.01) 0.25 (.02) 0.22 (.01) 0.24 (.05)

LSTM

L2 0.66 (.01) 0.41 (.01) 0.46 (.00) 0.42 (.01)

Cosine 0.50 (.00) 0.42 (.02) 0.50 (.02) 0.40 (.01)

NormDiff 0.42 (.00) 0.25 (.00) 0.31 (.00) 0.28 (.02)

Table 6.3: Self-explanation CEBaB
scores measured in three different met-
rics on the test set for four different
model architectures as a five-class senti-
ment classification task. Lower is bet-

ter. Results averaged over three distinct
seeds, standard deviations in parenthe-
ses.

through the hidden representation associated with a given concept. We formalize
this version of IG in Appendix 6.9.8.

In Table 6.4, we compare concept-aware feature attibutions for two variants
of CPMHI (IIT and Multi-task) and the original black-box (Finetuned)
model. For IIT we remove the multi-task objective LMulti during training and for
Multi-task we remove the the interchange intervention objective LHI. This
helps isolate the individual effects of both losses on concept localization. All three
models predict a neutral final sentiment score for the considered input, but they
show vastly different feature attributions. Only IIT reliably highlights words
that are semantically related to each concept. For instance, when we restrict the
gradients to flow only through the intervention site of the noise concept, “loud”
is the word highlighted the most that contributes negatively. When we consider
the service concept, words like “friendly” and “waiter” are highlighted the most
as contributing positively. These contrasts are missing for representations of the
Multi-task and Finetuned models. Only the IIT training paradigm pushes
the model to learn causally localized representations. For the service concept, we
notice that the IIT model wrongfully attributes “delicious”. This could be useful
for debugging purposes and could be used to highlight potential failure modes of
the model.
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Model Predicted Concept Score Word Importance

Black-box neutral

ambiance +0.03 [CLS] the music was too loud , and the decorations were taste ##less , but they had friendly waiter ##s and delicious pasta [SEP]

food +0.11 [CLS] the music was too loud , and the decorations were taste ##less , but they had friendly waiter ##s and delicious pasta [SEP]

noise +0.04 [CLS] the music was too loud , and the decorations were taste ##less , but they had friendly waiter ##s and delicious pasta [SEP]

service +0.26 [CLS] the music was too loud , and the decorations were taste ##less , but they had friendly waiter ##s and delicious pasta [SEP]

Multi-task neutral

ambiance +0.25 [CLS] the music was too loud , and the decorations were taste ##less , but they had friendly waiter ##s and delicious pasta [SEP]

food +0.23 [CLS] the music was too loud , and the decorations were taste ##less , but they had friendly waiter ##s and delicious pasta [SEP]

noise +0.31 [CLS] the music was too loud , and the decorations were taste ##less , but they had friendly waiter ##s and delicious pasta [SEP]

service +0.16 [CLS] the music was too loud , and the decorations were taste ##less , but they had friendly waiter ##s and delicious pasta [SEP]

IIT neutral

ambiance −0.24 [CLS] the music was too loud , and the decorations were taste ##less , but they had friendly waiter ##s and delicious pasta [SEP]

food +1.11 [CLS] the music was too loud , and the decorations were taste ##less , but they had friendly waiter ##s and delicious pasta [SEP]

noise −0.98 [CLS] the music was too loud , and the decorations were taste ##less , but they had friendly waiter ##s and delicious pasta [SEP]

service +1.16 [CLS] the music was too loud , and the decorations were taste ##less , but they had friendly waiter ##s and delicious pasta [SEP]

Table 6.4: Visualizations of word importance scores using Integrated Gradient
(IG) by restricting gradient flow through the corresponding intervention site of the
targeted concept. Our target class pools positive and very positive. Individual word
importance is the sum of neuron-level importance scores for each input, normalized
to [ −1 , +1 ]. −1 means the word contributes the most negatively to predicting

the target class (red); +1 means the word contributes the most positively (green).

6.7 Conclusion

We explored the use of approximate counterfactual training data to build more
robust causal explanation methods. We introduced Causal Proxy Models (CPMs),
which learn to mimic both the factual and counterfactual behaviors of a black-
box model N . Using CEBaB, a benchmark for causal concept-based explanation
methods, we demonstrated that both versions of our technique (CPMIN and CPMHI)
significantly outperform previous explanation methods without demanding the full
causal graph associated with the dataset. Interestingly, we find that our GPT-3
based explanation method performs on-par with our best CPM model in some
settings.

Our results suggest that CPMs can be more than just explanation methods. They
achieve factual performance on par with the model they aim to explain, and they
can explain their own behavior. This paves the way to using them as deployed
models that both perform tasks and offer explanations. In addition, the causally
localized representations of our CPMHI variant are very intuitive, as revealed by
our concept-aware feature attribution technique. We believe that causal localization
techniques could play a vital role in further model explanation efforts.
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6.9 Appendix

6.9.1 CEBaB Dataset Statistics

Table 6.5 shows dataset statistics of CEBaB. The variants of CEBaB we consider
only impact the train split. The top panel shows the number of observational sam-
ples and edits introduced in the CEBaB paper. The bottom panel shows our paired

versions, where we create approximate counterfactual pairs. We explore two vari-
ants of approximate counterfactuals: human-created and sampled counterfactuals
(Section 6.5.1). The human setting considers all pairs made possible by using all

data. The sampling setting considers pairs sampled from only the observational

data, as discussed in Section 6.9.2.

Dataset # train # dev # test

CEBaB (observational) 1,755 1,673 1,689
CEBaB (all) 11,728 1,673 1,689

CEBaB (paired, human) 19,684 3,898 3,958
CEBaB (paired, sampling) 74,574 3,898 3,958

Table 6.5: Dataset statistics.

6.9.2 Types of Approximate Counterfactual Pairs

Our approximate counterfactual training data comes in paired sentences of (original

sentence, approximate counterfactual sentence). The approximate counterfactuals
differs from their original counterparts in only one concept value. We consider
approximate counterfactual pairs to be symmetric: we use both (original sentence,
approximate counterfactual sentence) and (approximate counterfactual sentence,
original sentence) as training pairs.

Human-created Counterfactuals CEBaB contains multiple counterfactual sen-
tences for each original review. To achieve this, the dataset creators asked annotators
to edit the original sentence to achieve a specified goal (e.g., ‘change the evaluation
of the restaurant’s food to negative’). These originals and corresponding edits form
our human pairs.

Metadata-sampled Counterfactuals Human-created counterfactuals are not al-
ways available. With CEBaB, we simulate a second type of approximate counterfac-
tuals by using metadata-guided heuristics: for a given original sentence, we sample
a counterfactual from the train set by matching concept labels while allowing only
one label to be changed.

During training, we also consider null effect pairs in our sampling setup. These
pairs resemble cases where our approximate counterfactual sentence is identical
to the original sentence. When training our models on these pairs, we expect our
models to predict the same counterfactual and factual output.
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Figure 6.2: CEBaB scores for different intervention site locations and sizes for
CPMHI. The scores are measured in three different metrics on the test set for four
different model architectures as a five-class sentiment classification task. Results
averaged over three distinct seeds. Task performance as Macro-F1 score is
reported when applicable. Shaded areas outline ± SD.

6.9.3 Training Regimes

CPMIN To train CPMIN, we use the same model architecture asN , and initialize it
with the model weights using weights from N . The maximum number of training
epochs is set to 30 with a learning rate of 5e−5 and an effective batch size of 128.
The learning rate linearly decays to 0 over the 30 training epochs. We employ an
early stopping strategy for COSICaCE over the dev set for an interval of 50 steps
with early stopping patience set to 20. We set the max sequence length to 128
and the dropout rate to 0.1. We take a weighted sum of two objectives as the loss
term for training CPMHI. Specifically, we use [wMimic, wIN] = [1.0, 3.0]. For the
smoothed cross-entropy loss, we use a temperature of 2.0.

CPMHI To train CPMHI, we use the same model architecture asN , and initialize it
with the model weights using weights from N . The maximum number of training
epochs is set to 30 with a learning rate of 8e−5 and an effective batch size of 256.
We use a higher learning rate of 0.001 for the LSTM model as it enables quicker
convergence. The learning rate linearly decays to 0 over the 30 training epochs. We
employ an early stopping strategy for COSICaCE over the dev set for an interval of 10
steps with early stopping patience set to 20. We set the max sequence length to 128
and the dropout rate to 0.1. We take a weighted sum of three objectives as the loss
term for training CPMHI. Specifically, we use [wMimic, wMulti, wHI] = [1.0, 1.0, 3.0].
In Appendix 6.9.6, we conduct a set of ablation studies to isolate the individual
contributions from each objective. For the smoothed cross-entropy loss, we use a
temperature of 2.0.

Our models are all implemented in PyTorch [Paszke et al., 2019] and using
the HuggingFace library [Wolf et al., 2019]. All of our results are aggregated
over three distinct random seeds. To foster reproducibility, we will release our code
repository and model artifacts to the public.
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6.9.4 Additional Baseline Results

Table 6.6 shows baselines adapted from Abraham et al. [2022], which contains the
present state-of-the-art explanation methods for the CEBaB benchmark. We report
the best scores across these explanation methods in Table 6.1. These baselines are
trained without using counterfactual data. Thus, we build additional baselines that
use counterfactual data as shown in Table 6.7. S-Learner is selected as the best
performing models and included in Table 6.1 for comparisons. The equations for
the additional baselines are as follows:

Eapprox
N (xu,v;Ci ← c′) = N (sapprox)−N (xu,v) (6.10)

E random
N (xu,v;Ci ← c′) = N (srandom)−N (xu,v) (6.11)

ECaCE
N (Ci ← c′) =

1

|DCi←c′ |

∑

(xu,v,x̃
Ci←c′

u,v )∈DCi←c′

(
N

(
x̃Ci←c′

u,v

)
−N (xu,v)

)

(6.12)

EATE(Ci ← c′) =
1

|DCi←c′ |

∑

(xu,v,x̃
Ci←c′

u,v )∈DCi←c′

(
f
(
x̃Ci←c′

u,v

)
− f (xu,v)

)

(6.13)

where srandom is a randomly sampled training input, sapprox is a training input
sampled to match the concept-level labels of the true counterfactual under inter-
vention Ci ← c′, DCi←c′ is the set of all approximate counterfactual training pairs
that represent a Ci ← c′ intervention, and f is a look-up function that returns the
ground-truth label associated with an input.

The signatures of EATE and ECaCE
N reflect that they are independent of the specific

factual input xu,v considered. Furthermore, EATE is independent of N given that
this explainer only uses ground-truth training labels to estimate causal effects.

Additionally, we consider X-Learner, a variant of S-Learner [Künzel et al.,
2019]. Our X-Learner consists of three steps. First, we cluster examples into groups
by their concept and predicted concept label pairs (e.g., select all examples with

food being positive)3. For each group, we fit logistic regression model µ̂(Ci,c) to
predict the factual output of black-box model N using concept labels for each
example except for labels for Ci. Next, we use the models from the first step to
build training sets for our individual treatment effect (ITE) estimators. To achieve
this, we calculate ITE for each example as,

D̂Ci:c←c′

u,v = µ̂(Ci,c′)(B(x
Ci=c
u,v )′)−N (xCi=c

u,v ) (6.14)

where B(xCi=c
u,v )′ excludes the concept label for concept Ci. It measures the ITE for

xu,v when we change the concept label of Ci from c to c′. We aggregate D̂Ci:c←c′

u,v

over examples based on their editing concepts and concept labels. Next, we fit a

3We use the finetuned concept-level sentiment analysis models B released by Abraham et al. [2022]
for concept label prediction, which is identical to the ones used in S-Learner in Section 6.5.3.
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Model Metric Approx† S-Learner‡ INLP§

BERT

L2 0.81 (.01) 0.74 (.02) 0.80 (.02)

Cosine 0.61 (.01) 0.63 (.01) 0.59 (.03)

NormDiff 0.44 (.01) 0.54 (.02) 0.73 (.02)

RoBERTa

L2 0.83 (.01) 0.78 (.01) 0.84 (.01)

Cosine 0.60 (.01) 0.64 (.01) 0.58 (.01)

NormDiff 0.45 (.00) 0.59 (.01) 0.81 (.01)

GPT-2

L2 0.72 (.02) 0.60 (.02) 0.72 (.01)

Cosine 0.59 (.01) 0.59 (.01) 1.00 (.00)

NormDiff 0.41 (.01) 0.40 (.01) 0.58 (.03)

LSTM

L2 0.86 (.01) 0.73 (.01) 0.79 (.01)

Cosine 0.64 (.01) 0.64 (.01) 0.74 (.02)

NormDiff 0.50 (.01) 0.53 (.01) 0.60 (.01)

Table 6.6: CEBaB scores measured in three different metrics on the test set for four
different model architectures as a five-class sentiment classification task. Results
are adapted from Abraham et al. [2022]. Lower is better; standard deviations
over 5 distinct seeds in parentheses. Results are aggregated over all aspects and all
directional concept label changes. Details about these evaluation metrics can be
found in Section 6.5. Results are based on †Abraham et al. [2022], ‡ Künzel et al.
[2019], and §Ravfogel et al. [2020].

no counterfactuals sampled counterfactuals human-created counterfactuals

ATE- CaCE- ATE- CaCE-

Model Metric X-Learner Approx Explainer Explainer Random X-Learner Approx Explainer Explainer Random X-Learner

BERT

L2 0.78 (.02) 0.81 (.01) 0.81 (.02) 0.81 (.02) 0.84 (.02) 0.78 (.02) 0.79 (.02) 0.81 (.02) 0.80 (.02) 0.84 (.01) 0.75 (.02)

Cosine 0.68 (.01) 0.60 (.00) 0.72 (.01) 0.72 (.01) 0.53 (.00) 0.68 (.01) 0.56 (.01) 0.69 (.01) 0.69 (.01) 0.53 (.00) 0.64 (.01)

NormDiff 0.53 (.03) 0.44 (.01) 0.62 (.02) 0.62 (.02) 0.55 (.02) 0.53 (.03) 0.43 (.01) 0.62 (.02) 0.64 (.02) 0.54 (.02) 0.54 (.03)

RoBERTa

L2 0.82 (.00) 0.83 (.01) 0.85 (.00) 0.85 (.00) 0.87 (.00) 0.82 (.00) 0.81 (.01) 0.85 (.00) 0.84 (.00) 0.87 (.00) 0.79 (.00)

Cosine 0.70 (.02) 0.61 (.01) 0.73 (.00) 0.73 (.01) 0.53 (.00) 0.70 (.02) 0.57 (.01) 0.70 (.00) 0.70 (.00) 0.53 (.00) 0.67 (.02)

NormDiff 0.57 (.00) 0.46 (.01) 0.67 (.00) 0.67 (.00) 0.58 (.00) 0.57 (.00) 0.44 (.01) 0.67 (.00) 0.68 (.00) 0.59 (.00) 0.58 (.00)

GPT-2

L2 0.65 (.01) 0.72 (.02) 0.69 (.01) 0.68 (.01) 0.76 (.00) 0.65 (.01) 0.72 (.01) 0.68 (.01) 0.68 (.01) 0.76 (.00) 0.63 (.01)

Cosine 0.64 (.01) 0.59 (.00) 0.67 (.00) 0.67 (.00) 0.56 (.00) 0.64 (.01) 0.57 (.00) 0.66 (.00) 0.65 (.00) 0.56 (.00) 0.62 (.01)

NormDiff 0.41 (.00) 0.40 (.01) 0.48 (.01) 0.49 (.01) 0.47 (.00) 0.41 (.00) 0.40 (.00) 0.49 (.01) 0.50 (.01) 0.47 (.01) 0.42 (.01)

LSTM

L2 0.77 (.01) 0.87 (.00) 0.78 (.00) 0.78 (.00) 0.85 (.00) 0.77 (.01) 0.85 (.01) 0.78 (.00) 0.76 (.00) 0.84 (.00) 0.74 (.01)

Cosine 0.69 (.01) 0.65 (.00) 0.71 (.00) 0.71 (.00) 0.57 (.00) 0.69 (.01) 0.61 (.00) 0.69 (.00) 0.68 (.00) 0.56 (.00) 0.67 (.01)

NormDiff 0.52 (.01) 0.50 (.00) 0.59 (.00) 0.59 (.00) 0.55 (.00) 0.52 (.01) 0.49 (.00) 0.59 (.00) 0.61 (.00) 0.55 (.00) 0.55 (.01)

Table 6.7: CEBaB scores for additional baselines we considered. CEBaB scores
are measured in three different metrics on the test set for four different model
architectures as a five-class sentiment classification task. Lower is better. Results
averaged over three distinct seeds, standard deviations in parentheses. Details about
these evaluation metrics can be found in Section 6.5.

set of linear regression models as τCi:c←c′ to predict ITE for changing the concept
labels for Ci given concept labels of an example except for labels for Ci. Lastly,
we use τCi:c←c′ to predict counterfactual output changes as,

EX-Learner
N (xu,v;Ci ← c′) =

p · τCi:c←c′(B(x
Ci=c
u,v )′) + (1− p) · τCi:c′←c(B(x

Ci=c
u,v )′) (6.15)

where p is the propensity score which is calculated using B as the probability of
Ci taking concept label c′ for an input example xu,v by considering two potential
concept labels c and c′.
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6.9.5 Intervention Site Location and Size

Previous work shows that neurons in different layers and groups can encode different
high-level concepts [Vig et al., 2020, Koh et al., 2020]. CPMHI pushes concept-
related information to localize at the targeted intervention site (the aligned neural
representations for each concept). In this section, we investigate how the location
and the size of the intervention site impact CPMHI performance. We use the optimal
location and size found in this study for other results presented in this paper.

Location For Transformer-based models, we vary the location of the intervention
site by intervening on the “[CLS]” token embedding layer l. Specifically, we set
l = {2, 4, 6, 8, 10, 12}. We skip this experiment for non-Transformer-based model
(i.e., LSTM) since it only contains a single sentence embedding.

As shown in the top panel of Figure 6.2, intervention location significantly
affects CPMHI performance. Our results show that layer 10 for BERT, layer 8 for
RoBERTa, and layer 12 for GPT-2 lead to the best performance. This suggests
layers have different efficacy in terms of information localization. Our results
also show that intervening with deeper layers tends to provide better performance.
However, for both BERT and RoBERTa, intervening on the last layer results in a
slightly worse performance compared to earlier layers. This suggests that leaving
Transformer blocks after the intervention site helps localized information to be
processed by the neural network.

Size For Transformer-based models, we change the size of the intervention site
dc for each concept. Specifically, we set dc = {1, 16, 64, 128, 192}. For in-
stance when dc = 1, we use a single dimension of the “[CLS]” token embedding
to represent each concept, starting from the first dimension of the vector. For
our non-Transformer-based model (LSTM), we intervene on the attention-gated
sentence embedding whose dimension size is set to 300. Accordingly, we set
dc = {1, 16, 64, 75}.

As shown in Figure 6.2, larger intervention sites lead to better performance for
all Transformer-based models. For LSTM, we find that the optimal size is the second
largest one instead. On the other hand, our results suggest that the performance
gain from the increase of size diminishes as we increase the size for all model
architectures.

6.9.6 Ablation Study of CPMHI

Geiger et al. [2022] show that training with a multi-task objective helps IIT to
improve generalizability. In this experiment, we aim to investigate whether the
multi-task objective we added for CPMHI plays an important role in achieving
good performance. Specifically, we conduct two ablation studies: removing the
multi-task objective by setting wMulti = 0.0, and removing the IIT objective by
setting wHI = 0.0.

Table 6.8 shows our results, which demonstrate that the IIT objective is the main
factor that drives CPMHI performance. Our results also suggest that the multi-task
objective brings relatively small but consistent performance gains. Overall, our
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Model Ablation L2 Cosine NormDiff Macro-F1

BERT

CPMHI 0.45 (.02) 0.36 (.03) 0.27 (.04) 0.69 (.01)

− LMulti 0.47 (.04) 0.38 (.04) 0.30 (.07) 0.69 (.01)

− LHI 0.79 (.02) 0.60 (.03) 0.64 (.02) 0.60 (.08)

+ random init 0.81 (.02) 0.52 (.00) 0.55 (.02) 0.08 (.02)

+ no training 0.80 (.02) 0.86 (.04) 0.76 (.02) 0.70 (.01)

RoBERTa

CPMHI 0.47 (.03) 0.39 (.03) 0.29 (.05) 0.71 (.00)

− LMulti 0.49 (.05) 0.41 (.05) 0.32 (.06) 0.70 (.00)

− LHI 0.81 (.00) 0.53 (.02) 0.63 (.01) 0.39 (.06)

+ random init 0.85 (.00) 0.51 (.00) 0.59 (.01) 0.06 (.00)

+ no training 0.84 (.01) 0.93 (.05) 0.83 (.00) 0.70 (.00)

GPT-2

CPMHI 0.41 (.04) 0.39 (.05) 0.27 (.05) 0.68 (.00)

− LMulti 0.43 (.03) 0.41 (.05) 0.29 (.04) 0.67 (.00)

− LHI 0.66 (.01) 0.58 (.04) 0.49 (.01) 0.58 (.04)

+ random init 0.73 (.00) 0.54 (.00) 0.47 (.01) 0.16 (.00)

+ no training 0.65 (.00) 0.61 (.00) 0.57 (.02) 0.65 (.00)

LSTM

CPMHI 0.54 (.01) 0.46 (.01) 0.36 (.00) 0.59 (.01)

− LMulti 0.56 (.02) 0.47 (.02) 0.41 (.02) 0.59 (.01)

− LHI 0.73 (.00) 0.64 (.02) 0.59 (.00) 0.59 (.01)

+ random init 0.82 (.00) 0.55 (.00) 0.55 (.00) 0.13 (.04)

+ no training 0.73 (.01) 0.74 (.00) 0.59 (.01) 0.60 (.01)

Table 6.8: Ablation study of our CPMHI method trained with human approximate
counterfactual strategy. CEBaB scores measured in three different metrics on the
test set for four different model architectures as a five-class sentiment classification
task. Lower is better. Results averaged over three distinct seeds, standard devia-
tions in parentheses.

sampled counterfactuals human-created counterfactuals

Random Probe-based Random Probe-based

Model Metric CPMHI Source Source CPMHI Source Source

BERT

L2 0.60 (.01) 0.74 (.03) 0.61 (.01) 0.45 (.03) 0.70 (.03) 0.43 (.02)

Cosine 0.45 (.00) 0.53 (.01) 0.45 (.00) 0.36 (.04) 0.59 (.04) 0.35 (.01)

NormDiff 0.38 (.00) 0.54 (.02) 0.39 (.01) 0.27 (.01) 0.53 (.01) 0.25 (.02)

RoBERTa

L2 0.67 (.02) 0.79 (.01) 0.66 (.02) 0.47 (.03) 0.72 (.01) 0.44 (.01)

Cosine 0.47 (.00) 0.52 (.01) 0.46 (.01) 0.39 (.03) 0.57 (.03) 0.37 (.01)

NormDiff 0.45 (.03) 0.59 (.00) 0.44 (.03) 0.29 (.05) 0.55 (.01) 0.25 (.01)

GPT-2

L2 0.51 (.01) 0.65 (.02) 0.51 (.02) 0.41 (.04) 0.58 (.03) 0.39 (.02)

Cosine 0.46 (.00) 0.55 (.01) 0.46 (.01) 0.39 (.05) 0.56 (.02) 0.37 (.01)

NormDiff 0.30 (.00) 0.46 (.01) 0.31 (.01) 0.27 (.05) 0.44 (.01) 0.25 (.01)

LSTM

L2 0.64 (.02) 0.76 (.01) 0.65 (.02) 0.54 (.01) 0.69 (.03) 0.55 (.00)

Cosine 0.50 (.01) 0.57 (.01) 0.50 (.01) 0.46 (.00) 0.58 (.01) 0.46 (.01)

NormDiff 0.41 (.01) 0.54 (.01) 0.41 (.02) 0.36 (.00) 0.52 (.00) 0.38 (.01)

Table 6.9: Ablation study of our CPMHI method for different source input s sam-
pling strategies at inference time. CEBaB scores measured in three different metrics
on the test set for four different model architectures as a five-class sentiment classi-
fication task. Lower is better. Results averaged over three distinct seeds, standard
deviations in parentheses.
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findings corroborate those of Geiger et al. [2022] and provide concrete evidence that
the combination of two objectives always results in the best-performing explanation
methods across all model architectures.

Additionally, we explore two baselines for CPMHI. Firstly, we randomly ini-
tialize the weights of CPMHI. Secondly, we take the original black-box model
as our CPMHI. Compared to the results in Table 6.1, these two baselines fail
catastrophically, suggesting the importance of our IIT paradigm.

As mentioned in Section 6.4, we sample a source input xCi=c′

u′,v′ from the train set
as any input x that has Ci = c′ to estimate the counterfactual output. Furthermore,
we explore two additional sampling strategies. First, we create a baseline where we
randomly sample a source input from the train without any concept label matching.
Second, we sample a source input from the train set using the predicted concept
label of our multi-task probe, instead of the true concept label from the dataset.

As shown in Table 6.9, the quality of our source inputs impact our performance
significantly. For instance, when sampling source input at random, CPMHI fails
catastrophically for all evaluation metrics. On the other hand, when we sampling
source based on the predicted labels using the multi-task probe, CPMHI maintains
its performance.

6.9.7 GPT-3 Generation Process

We use the 175B parameter davinci GPT-3 model [Brown et al., 2020] as a
few-shot learner to generate approximate counterfactual data. Let xu,v be a review
text with an original value c for the mediating concept Ci and an overall review
sentiment y (e.g., a restaurant review which is negative about the service, and
felt neutral about their overall dining experience), and let c′ be the target value
of Ci, for which we would like to create a counterfactual review (e.g., change
the text to become positive about the mediating concept service). In order to use
GPT-3 as an n-shot learner, we sample n = 6 approximate counterfactual pairs
(xu′,v′ , x̃

Ci←c′

u′,v′ ), where xu′,v′ shares with xu,v the same value c for Ci and the same

overall sentiment, and the counterfactual review x̃Ci←c′

u′,v′ has the target value c′ for
Ci. We prompt the model with these pairs, and we also include the original review
xu,v. We then collect the text completed by GPT-3 as the GPT-3 counterfactual
review. An example for this n-shot prompt and completion is in Figure 6.3. In
addition, we also prompt GPT-3 with pairs of original reviews and metadata-
sampled counterfactuals, and generate another set of GPT-3 counterfactual review
for comparison. We sample n = 4 approximate counterfactual pairs in this case.
An example of metadata-sampled counterfactual generation with GPT-3 can be
seen in Figure 6.4.

For each few-shot learning prompt, we insert an initial string of the form of
“Make the following restaurant reviews include c′ mentions of Ci.”, where c′ is
expressed as one of {“POSITIVE”, “NEGATIVE”, “NOT” } (“NOT” corresponds
to making the review be unknown regarding the concept Ci) and Ci is one of {“AM-
BIANCE”, “FOOD”, “NOISE”, “SERVICE”}. We sample using a temperature of
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0.9, without any frequency or presence penalties (since we expect the counterfactual
review to be similar to the original review). In preliminary experimentation, we
found that capitalizing the mediating concept and target value results and inserting
line breaks between examples made for better completions, although there is room
for future research in this area.

We used the OpenAI API to access GPT-3. At the current price rate of $0.02 per
1,000 tokens, the total cost of creating our counterfactuals (around 4,000 examples)
was approximately $50 per approximate counterfactuals creation strategy.

6.9.8 Integrated Gradients

We adapt the Integrated Gradients (IG) method of Sundararajan et al. [2017] to
qualitatively assess whether CPMHI learned explainable representations of mediated
concepts at its intervention sites. The IG algorithm computes the average gradient
from the model output to its input by incrementally interpolating from a “blank”
input x′ (consisting only of “[PAD]” tokens) to the original input x. Eqn. 6.16 is
the integrated gradients equation originally proposed in Sundararajan et al. [2017],
applied to a CPM model P on input x.

IntegratedGradsj(x) = (xj − x′j) ·

∫ 1

α=0

∂P(x′ + α · (x− x′))

∂xj

∂α (6.16)

Here, ∂P(x)
∂xj

is the derivative of P on the jth dimension of x.
In our implementation of IG, we wish to show the per-token attribution of input

x on the model’s final output P(x), mediated by the hidden representation of a
concept in P . That is, we’d like to ask, “What is the effect of the word ‘delicious’
in the input on the model’s output, when we restrict our focus only on the model’s
representation of the concept food?”

To answer this question, we compute the gradient of the model outputP(x) with
respect to the input x but restrict the gradient to flow through the intervention site
for a particular concept. This allows us to capture the per-token attribution of the
model’s final output (whether particular words contributed to a positive, negative,
or neutral sentiment prediction), mediated by the concept that is represented by the
specified intervention site. For example, in Table 6.4, we can see that “delicious” has
a positive attribution to the output of the model when we focus on its representation
of the concept food.

Formally, consider a trained CPM model P , an input x and mediating concept
Ci. Let HCi be the activation of P at the intervention site for Ci. We define the
gradient of P(x) along dimension j, mediated by Ci, as

∂P(x)

∂xj

mediated by Ci =
∂P(x)

∂HCi
·
∂HCi

∂xj

. (6.17)

Eqn. 6.17 restricts the gradient to only flow through the hidden representation
of the concept along which we’d like to interpret our model.
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Model Predicted Concept Score Word Importance

Black-box neutral

ambiance +0.03 [CLS] the music was too loud , and the decorations were taste ##less , but they had friendly waiter ##s and delicious pasta [SEP]

food +0.11 [CLS] the music was too loud , and the decorations were taste ##less , but they had friendly waiter ##s and delicious pasta [SEP]

noise +0.04 [CLS] the music was too loud , and the decorations were taste ##less , but they had friendly waiter ##s and delicious pasta [SEP]

service +0.26 [CLS] the music was too loud , and the decorations were taste ##less , but they had friendly waiter ##s and delicious pasta [SEP]

CPMHI neutral

ambiance −0.61 [CLS] the music was too loud , and the decorations were taste ##less , but they had friendly waiter ##s and delicious pasta [SEP]

food −0.88 [CLS] the music was too loud , and the decorations were taste ##less , but they had friendly waiter ##s and delicious pasta [SEP]

noise −1.34 [CLS] the music was too loud , and the decorations were taste ##less , but they had friendly waiter ##s and delicious pasta [SEP]

service +1.75 [CLS] the music was too loud , and the decorations were taste ##less , but they had friendly waiter ##s and delicious pasta [SEP]

Table 6.10: Additional visualizations of word importance scores using Integrated
Gradient (IG) by restricting gradients flow through corresponding intervention site
of the targeted concept. This table extends Table 6.4 in the main text.

We integrate these mediated gradients over a straight path between input x
and baseline x′, analogous to Eqn. 6.16. We implement our IG method using
CaptumAI library.4 We use the default parameters for our runs with number of
iterations set to 50, and we set the integral method as gausslegendre. We
set the multiply-by-inputs flag to True. To visualize individual word
importance, we conduct z-score normalization of attribution scores over input
tokens per each concept, and then linearly scale scores between [−1, +1].

Table 6.10 extends Table 6.4 in our main text with additional ablation studies
on our training objectives.

6.9.9 Model Debiasing

Being able to accurately predict outputs for counterfactual inputs enables expla-
nation methods to faithfully debias a model with regard to a desired concept. For
instance, with CEBaB, debiasing a concept (e.g., “food”) is equivalent to estimat-
ing the counterfactual output when we set the concept label for a concept to be
unknown.

In this section, we briefly study the extent to which the CPMHI can function as
a debiasing method. To debias a concept, we enforce the sampled source input s as
in Eqn. 6.2 to have unknown as its concept label for the concept to be debiased.

To show our methods can faithfully debias a targeted concept, we evaluate
the correlations between the predicted overall sentiment label for sentences and
the concept labels for each concept. Without any debiasing technique, we expect
concept labels to be highly correlated with the overall sentiment label (e.g., if food

is positive, it is more likely that the overall sentiment is positive). We use CPMHI

trained for the BERT model architecture as an example, and use examples in the
test set.

Figure 6.5 shows correlation plots for the black-box model as well as CPMHI.
As expected, the correlation of the food concept is weakened through the debiasing
pipeline by 57.50%. Our results also suggest that correlations of other concepts
are affected, which suggests a future research direction focused on minimizing the

4https://captum.ai/

https://captum.ai/
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impact of the debiasing pipeline on irrelevant concepts. We include results for the
remaining concepts in the Appendix 6.9.9.

Figure 6.5a to Figure 6.5d show debiasing visualizations for three concepts:
ambiance, noise and service. We use a CPMHI for the BERT model architecture as
an example. We calculate the distributions with examples in the test set.

6.9.10 Learning Dynamics

Figure 6.6 shows three different metrics measured on the dev and the test sets for
a CPMHI trained for the BERT model architecture as an example. Since we use
COSICaCE on the dev set to early stop our training process, we find our CPMHI

reaches a local minimum on COSICaCE while L2ICaCE and NormDiffICaCE are still
trending downward. This suggests future research may need to choose desired met-
rics to optimize for during training, for early stopping to reach the best performing
model.

Epoch Predicted Concept Score Word Importance

1 neutral

ambiance −0.17 [CLS] the music was too loud , and the decorations were taste ##less , but they had friendly waiter ##s and delicious pasta [SEP]

food +0.66 [CLS] the music was too loud , and the decorations were taste ##less , but they had friendly waiter ##s and delicious pasta [SEP]

noise −0.32 [CLS] the music was too loud , and the decorations were taste ##less , but they had friendly waiter ##s and delicious pasta [SEP]

service +0.05 [CLS] the music was too loud , and the decorations were taste ##less , but they had friendly waiter ##s and delicious pasta [SEP]

2 neutral

ambiance −0.25 [CLS] the music was too loud , and the decorations were taste ##less , but they had friendly waiter ##s and delicious pasta [SEP]

food +1.54 [CLS] the music was too loud , and the decorations were taste ##less , but they had friendly waiter ##s and delicious pasta [SEP]

noise −0.24 [CLS] the music was too loud , and the decorations were taste ##less , but they had friendly waiter ##s and delicious pasta [SEP]

service +0.02 [CLS] the music was too loud , and the decorations were taste ##less , but they had friendly waiter ##s and delicious pasta [SEP]

3 neutral

ambiance −0.49 [CLS] the music was too loud , and the decorations were taste ##less , but they had friendly waiter ##s and delicious pasta [SEP]

food +1.52 [CLS] the music was too loud , and the decorations were taste ##less , but they had friendly waiter ##s and delicious pasta [SEP]

noise −0.97 [CLS] the music was too loud , and the decorations were taste ##less , but they had friendly waiter ##s and delicious pasta [SEP]

service +0.49 [CLS] the music was too loud , and the decorations were taste ##less , but they had friendly waiter ##s and delicious pasta [SEP]

4 neutral

ambiance −0.69 [CLS] the music was too loud , and the decorations were taste ##less , but they had friendly waiter ##s and delicious pasta [SEP]

food +1.41 [CLS] the music was too loud , and the decorations were taste ##less , but they had friendly waiter ##s and delicious pasta [SEP]

noise −1.92 [CLS] the music was too loud , and the decorations were taste ##less , but they had friendly waiter ##s and delicious pasta [SEP]

service +1.14 [CLS] the music was too loud , and the decorations were taste ##less , but they had friendly waiter ##s and delicious pasta [SEP]

5 neutral

ambiance −0.77 [CLS] the music was too loud , and the decorations were taste ##less , but they had friendly waiter ##s and delicious pasta [SEP]

food +1.25 [CLS] the music was too loud , and the decorations were taste ##less , but they had friendly waiter ##s and delicious pasta [SEP]

noise −1.63 [CLS] the music was too loud , and the decorations were taste ##less , but they had friendly waiter ##s and delicious pasta [SEP]

service +1.28 [CLS] the music was too loud , and the decorations were taste ##less , but they had friendly waiter ##s and delicious pasta [SEP]

6 neutral

ambiance −0.66 [CLS] the music was too loud , and the decorations were taste ##less , but they had friendly waiter ##s and delicious pasta [SEP]

food +0.62 [CLS] the music was too loud , and the decorations were taste ##less , but they had friendly waiter ##s and delicious pasta [SEP]

noise −0.90 [CLS] the music was too loud , and the decorations were taste ##less , but they had friendly waiter ##s and delicious pasta [SEP]

service +2.14 [CLS] the music was too loud , and the decorations were taste ##less , but they had friendly waiter ##s and delicious pasta [SEP]

CPMHI neutral

ambiance −0.61 [CLS] the music was too loud , and the decorations were taste ##less , but they had friendly waiter ##s and delicious pasta [SEP]

food −0.88 [CLS] the music was too loud , and the decorations were taste ##less , but they had friendly waiter ##s and delicious pasta [SEP]

noise −1.34 [CLS] the music was too loud , and the decorations were taste ##less , but they had friendly waiter ##s and delicious pasta [SEP]

service +1.75 [CLS] the music was too loud , and the decorations were taste ##less , but they had friendly waiter ##s and delicious pasta [SEP]

Table 6.11: Visualizations of word importance scores using Integrated Gradient
(IG), using the same methods as in Table 6.4 and Table 6.10.

Table 6.11 visualizations of word importance scores using our version of In-
tegrated Gradient (IG). Different from Table 6.4 and Table 6.10, which show the
visualizations of our optimized model, we show a per-epoch result for for CPMHI,
followed with our best model appended at the end. Our results suggest that early
checkpoints in the training process focus at drastically different input words com-
paring to later checkpoints, though all models predict neutral for this given sentence.
In addition, gradient aggregations over input words are rather stable towards the
end the training. More importantly, CPMHI learns how to highlight words that are
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semantically related to each concept gradually. For instance, we can see a clear
trend of emphasising the word “decorations” for the ambiance concept throughout
the training process. This suggests that our training procedure induces causally
motivated gradients over input words gradually through the training process.
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Make the following restaurant reviews include

POSITIVE mentions of SERVICE.

Original: I had two casual dinners at State &

Lake and three lunches. The food was great but

the service was lacking. Everything was delicious.

The interior is questionable, but not intrusive.

POSITIVE mentions of SERVICE: I had two casual

dinners at State & Lake and three lunches. The

food and the service were always great. Everything

was delicious. The interior is questionable, but

not intrusive.

Original: Food was excellent, but the service was

not very attentive. Noise level was extremely

high due to close proximity of tables and poor

acoustics.

POSITIVE mentions of SERVICE: Food and service was

excellent. Noise level was extremely high due to

close proximity of tables and poor acoustics.

Original: Great food, poor and very snobbish

service.

POSITIVE mentions of SERVICE: Great food, very good

service.

Original: My dining experince was excellent!

However, the server was not nice.

POSITIVE mentions of SERVICE: My dining experince

was excellent!

Original: Hae been here a few times and it is just

okay - Entrees and wine list a bit pricey for what

it is, inattentive staff.

POSITIVE mentions of SERVICE: Hae been here a few

times and it is just okay - Entrees and wine list a

bit pricey for what it is. Food comes out on time.

Original: Tables fairly close together, mushroom

appetiser very good, pork entree fair, chicken good.

The service was terrible.

POSITIVE mentions of SERVICE: Tables fairly close

together, mushroom appetiser very good, pork entree

fair, chicken good. The service was great however.
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Make the following restaurant reviews include

POSITIVE mentions of SERVICE.

Original: Been here several times. Always a

winner, except for the tasteless food!

POSITIVE mentions of SERVICE: I was very

disappointed in the food but we did not wait long

for each course and or waiter was very pleasant.

Original: food was decent but not great.

POSITIVE mentions of SERVICE: Lovely evening - good

service and wonderful food. Perfect for fresh fish

fans

Original: The restaurant was empty when we arrived,

reservation not necessary? Wine list limited.

Food was bland, presentation was very well done.

I would not eat here again.

POSITIVE mentions of SERVICE: Abby provided the

best service that we’ve had after probably two

dozen visits. No thank you for making the risotto

cake at lunch....Two Stars!

Original: A terrible place for lunch or

dinner. All the food is excellent with top notch

ingredients

POSITIVE mentions of SERVICE: Excellent Valentine’s

menu. Excellent service and food. Would recommend

this restaurant and will return.

Original: The food was average for the cost. My

husband and I were so excited to visit Bobby Flay’s

restraunt and were really disappointed. The food

was average at best.

POSITIVE mentions of SERVICE: The service was

amazing and the food was alright.

Figure 6.4: Example GPT-3 prompt (gray) and GPT-3 completion (bold). Note
that all original examples convey the same sentiment towards service (c =
unknown) and same overall sentiment (y = negative), and that the counterfac-
tual examples are all metadata-sampled such that the sentiment towards service is
the same (c′ = positive).
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(a) Visualization for debiasing the ambiance concept.

(b) Visualization for debiasing the food concept.

(c) Visualization for debiasing the noise concept.

(d) Visualization for debiasing the service concept.

Figure 6.5: Debiasing visualizations for different concepts of a CPMHI with BERT
model architecture. Individual plots are correlation plots between concept labels of
a concept and the overall sentence sentiment label.
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Figure 6.6: CEBaB scores measured in three different metrics on the dev and the
test sets for a CPMHI with the BERT architectures for different training epochs.
Task performance as Macro-F1 score is reported.
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7
Technical: Controlling Alignment

In this final technical chapter, we aim to improve AI safety and performance by
enhancing alignment with the developer’s intentions. Building on the intuition from
previous chapters, we use counterfactual data to convey more nuanced information
than singular examples during model training. Applying this approach to the critical
problem of alignment, we uncover intuitive yet profoundly impactful concepts
that were overlooked in prior alignment research. As a result, we develop novel
alignment data and methods, both of which provide greater control to the developer
and outperform existing state-of-the-art techniques.

* * *

Anchored Preference Optimization and Contrastive
Revisions: Addressing Underspecification in Align-
ment

Karel D’Oosterlinck, Winnie Xu, Chris Develder, Thomas Demeester, Aman-

preet Singh, Christopher Potts, Douwe Kiela, Shikib Mehri

To be published in Transactions of the Association for Computational Linguistics

(TACL 2025)
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7.1 Abstract

Large Language Models (LLMs) are often aligned using contrastive alignment
objectives and preference pair datasets. The interaction between model, paired data,
and objective makes alignment a complicated procedure, sometimes producing
subpar results. We study this and find that (i) preference data gives a better learning
signal when the underlying responses are contrastive, and (ii) alignment objec-
tives lead to better performance when they specify more control over the model
during training. Based on these insights, we introduce Contrastive Learning from
AI Revisions (CLAIR), a data-creation method which leads to more contrastive
preference pairs, and Anchored Preference Optimization (APO), a controllable and
more stable alignment objective. We align Llama-3-8B-Instruct using vari-
ous comparable datasets and alignment objectives and measure MixEval-Hard
scores, which correlate highly with human judgments. The CLAIR preferences lead
to the strongest performance out of all datasets, and APO consistently outperforms
less controllable objectives. Our best model, trained on 32K CLAIR preferences
with APO, improves Llama-3-8B-Instruct by 7.65%, closing the gap with
GPT4-turbo by 45%.

7.2 Introduction

Aligning language models with preferences is a critical component in LLM de-
velopment, significantly enhancing model capabilities, safety, and adherence to
human values [Christiano et al., 2017, Ouyang et al., 2022, Bai et al., 2022]. These
preferences can be expressed through preference pairs (output yl ≺ yw for input
x), which offer a richer signal than individual outputs and enable more expressive
learning objectives. Recently, contrastive learning objectives have made alignment
more accessible [Rafailov et al., 2024b].

Despite these advantages, alignment outcomes can be suboptimal [Eisenstein
et al., 2023, Feng et al., 2024, Park et al., 2024]. In this paper, we reason through
the nature of alignment, focusing on (i) the preference signal expressed by the data,
and (ii) the training dynamics of contrastive objectives. We find that across both
these axes, conventional alignment methods are underspecified. To solve this, we
argue that (i) preference data should be minimally contrastive, and (ii) alignment
objectives should account for distinct alignment situations (see Figure 7.1). This
sheds light on suboptimal alignment outcomes. For example, we show in Section 7.6
how a model aligned using high-quality outputs can actually degrade if the pairs
differ in multiple uncontrolled aspects.

These insights lead to two new contributions. First, we introduce Contrastive
Learning from AI Revisions (CLAIR), a method for creating preference pairs
which minimally revises one output to express a preference. The pairs created by
CLAIR result in a more precise learning signal, as opposed to conventional methods
which use a judge to select a preferred response. Second, we introduce Anchored
Preference Optimization (APO), a family of contrastive objectives which explicitly
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Figure 7.1: Alignment is underspecified with regard to preferences and training
objective. A: Preference pairs can vary along irrelevant aspects, Contrastive Learn-
ing from AI Revisions (CLAIR) creates a targeted preference signal instead. B:

The quality of the model can impact alignment training, Anchored Preference
Optimization (APO) explicitly accounts for this.
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account for distinct relationships between model and data during alignment. The
tailored training dynamics of APO results in more performant alignment compared
to conventional objectives.

In order to study the role of both (i) minimally contrastive preference data,
and (ii) distinct alignment training dynamics, we individually align a model across
four comparable preference datasets using five alignment objectives. One dataset
is created through our CLAIR method. We compare this with two conventional
judge-based datasets (Reinforcement Learning from AI Feedback; Bai et al. 2022).
Finally, we consider an ablated version of CLAIR created to directly assess the
impact of contrastiveness. We consider five distinct alignment objectives: DPO
[Rafailov et al., 2024b], KTO [Ethayarajh et al., 2024], continued Supervised Fine-
Tuning on the preferred answer, and two variants of our proposed APO. We measure
MixEval-Hard accuracy [Ni et al., 2024] and length-controlled AlpacaEval
scores [Dubois et al., 2024] for each model, both benchmarks correlate highly with
model rankings produced by humans [Chiang et al., 2024].

We align Llama-3-8B-Instruct [Dubey et al., 2024] and use GPT4-
turbo [Achiam et al., 2023] for preference judgements / revisions. We find that
our strongest model, aligned on 32K CLAIR preferences with APO, improves
Llama-3-8B-Instruct performance by 7.65% on MixEval-Hard, closing
the performance gap with GPT4-turbo by 45%. Our analysis indicates that the
contrastiveness of CLAIR preferences is the major driver of performance. Across
every alignment datasets considered, APO objectives achieve the best performance.
In our analysis, we outline how to select the best APO variant given a target model
and preference dataset. Finally, we deeply explore recent alignment efforts and
discuss how they relate to CLAIR and APO.

7.3 Underspecification in Alignment

The alignment procedure creates complex interactions between the target model,
the preference dataset, and the alignment objective. The present section reflects
on failure cases of all alignment efforts which start from preferences. The section
discussed data and objective respectively.

Given a collection of prompts X , a preference dataset is a set of triples
(x, yw, yl) , where yw and yl are, respectively, a winning (more preferred) and
losing (less preferred) response to prompt x. The preference signal in such a dataset
is essentially expressed by the difference between winning and losing outputs, illus-
trated in Figure 7.1 A. However, paired outputs can differ in many aspects, some of
which are spurious and thus irrelevant to the preference. These spurious differences
will generally create a challenging credit assignment problem. Outputs which are
minimally contrastive differ along fewer axes, resulting in less spurious differences.
Thus, if preference pairs produce a clearer minimal contrast, the alignment

learning signal becomes more clear. Existing preference datasets vary meaning-
fully in their contrastiveness. For example, in the Stanford Human Preferences
dataset [Ethayarajh et al., 2022], two outputs in a pair are simply responses to the
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same Reddit post, and thus they are not guaranteed to be especially comparable.
An ideal preference dataset would consist of a very controlled difference between
either example. This insight leads us to CLAIR (Section 7.4).

Preference triples only specify that one output is better than another. This
creates ambiguity, since it is not known if the more preferred answer was actually
good. To see how this can impact alignment, suppose we have a dataset of triples
where yw tends to score 8/10 on some quality scale and yl tends to score 6/10.
A target model that generally scores 9/10 may become worse if the likelihood
of yw would increase during training, as illustrated in Figure 7.1 B. Therefore,
alignment training needs to be aware of how desirable any individual answer

is, regardless of its preference relationship. To take a salient example, ≈80%
of winning outputs in UltraFeedback [Cui et al., 2024] are generated by a
less performant model than Llama-3-8B-Instruct (as measured by Chatbot
Arena Elo; Chiang et al. 2024). Naively aligning Llama-3-8B-Instruct on
this dataset may thus worsen performance. Examples like this one lead us to
Anchored Preference Optimization (APO; Section 7.5).

Figure 7.2: An answer produced by Llama-3-8B-Instruct for a prompt,
and corresponding GPT4-turbo revision of this answer. The differences between
answer and revision are highlighted. The revision generally follows the same outline
as the answer but improves it where possible. For example, the revision correctly
alters the count of Parisian restaurants from 2 to 3 in the second line of the answer.

In summary, current alignment approaches are underspecified along two key
axes: (i) preferences may be weakly expressed due to non-contrastive data, and
(ii) alignment objectives need to account for the model-data relation. In what
follows, we set out to improve alignment across both axes.

7.4 Contrastive Learning from Revisions

We now introduce Contrastive Learning from AI Revisions (CLAIR), a general
procedure for creating minimally contrasting preference pairs.
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Let M be the target model we will align. Given a prompt x, we sample the
losing output yl directly from the model. Then, we use a Reviser to minimally
revise and improve yl, resulting in the winning output yw:

yl = M(x)

yw = Reviser(x, yl).
(7.1)

In this work, we use a stronger LLM to perform revisions, prompted to enhance the
clarity, correctness, and engagement of the output (prompts and dataset details given
in Appendix 7.11.1). Figure 7.2 shows an example triple created using this method.
The losing output was generated by Llama-3-8B-Instruct and revised by
GPT4-turbo. The revision keeps most of the initial output intact, while improving
details. Recently, Dubey et al. [2024] used human revisions in the development
of the llama-3.1 model family, though their process seems oriented towards
enhancing quality differences rather than creating minimal contrasts.

CLAIR differs markedly from more familiar approaches to collecting preference
data. For example, in the on-policy judge paradigm (as used in Reinforcement
Learning from AI Feedback; Bai et al. 2022), two generations are sampled from
M(x), and a Judge (often another LLM) decides which is the winner and which
the loser:

y1, y2 = M(x),M(x)

yw, yl = Judge(x, y1, y2).
(7.2)

We use this approach as one of our baselines, with a prompt comparable to the
revision prompt used by CLAIR. Additionally, we consider an off-policy judge

versions of Eqn. 7.2 where the outputs are generated by models other than the target
model:

y1, y2 = M ′(x),M ′′(x)

yw, yl = Judge(x, y1, y2).
(7.3)

Both the on-policy and off-policy judge approaches provide useful comparison
points for CLAIR. In addition, we evaluate a baseline that helps us understand the
role of contrastiveness in particular. For CLAIR, the Reviser is generally a stronger
model than the model we are aligning. This means that the winning examples
yw are always generated by a stronger model. To decouple this factor from the
contrastiveness induced by the revision process, we also evaluate a baseline that we
call Stronger Preferred, where the stronger model provides the winning example
for each pair without revision:

yl = M(x)

yw = Stronger(x)
(7.4)

For the alignment experiments reported in Section 7.6, we created four pref-
erence datasets following Eqn. 7.1–Eqn. 7.4. Each dataset is created using the
same 32K prompts uniformly sampled from UltraFeedback [Cui et al., 2024],
a widely used preference dataset with prompts spanning a broad range of domains.
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Preference Jaccard Levenshtein
Dataset (↑ better) (↓ better)

CLAIR 43.11 1108

On-policy judge 39.06 1258
Off-policy judge 18.05 1203
Stronger Preferred 24.35 1607

Table 7.1: Average token-level Jaccard similarity (intersection over union)
and average character-level Levenshtein edit-distance between winning yw and
losing yl answers for four comparable preference datasets built on top of
Llama-3-8B-Instruct. The CLAIR dataset produces the best contrasts on
both metrics.

We take the target model M to be Llama-3-8B-Instruct, one of the most
competitive open source models available at the time of writing. For the off-policy
judge dataset, we use already judged outputs available in UltraFeedback. Ap-
proximately 80% of these winning outputs are generated by a model weaker than
Llama-3-8B-Instruct (as measured by Chatbot Arena Elo; Chiang et al.
2024). Thus, this off-policy judge dataset generally contains lower quality outputs
compared to the model.

Part of the goal of Section 7.6 is to study the behavior of each of these datasets
in the context of alignment efforts. However, one of the high-level goals of CLAIR
is to generate examples that are minimally contrastive. We can assess this directly
using some simple heuristics: the Jaccard similarity (token intersection over union)
between yw and yl and the single-character Levenshtein edit distance between yw
and yl. The dataset with better minimal contrasts should result in a higher Jaccard
similarity and a lower Levenshtein distance. Table 7.1 summarizes these analyses.
By these measures, CLAIR delivers the best contrastive data by a wide margin.

7.5 Anchored Preference Optimization

A preference triple (x, yw, yl) expresses the belief that yw is a more preferred output
than yl for prompt x. Alignment objectives use this relationship to align a model.
Different objectives achieve this in very different ways, with deep consequences for
the alignment process.

Direct Preference Optimization (DPO; Rafailov et al. 2024b) is a widely used
and empirically successful alignment objective. The core stipulation of DPO is that
the likelihood change of winning outputs during training needs to be greater than
the likelihood change of losing outputs. This likelihood change for a prompt and
output is denoted as the reward rθ(x, y), which captures the log-ratio of likelihoods
between the model during training πθ(x | y) and the model before training, also
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Figure 7.3: Comparison of gradients between DPO (equation A), APO-zero (equa-
tion B), and APO-down (equation C). Each gradient term is decomposed in a
direction and magnitude factor. Direction: Either APO variant specifies explicitly
if winning and losing likelihoods should increase or decrease during training. DPO
only increases the likelihood difference, causing ambiguity with regard to the actual
movement of these likelihoods during training. This explicit specification of direc-
tion is core to APO variants, and allows for a tighter fit between model and data
during alignment. Magnitude: Each term in APO is scaled with a delta function.
Here, δ(x) = σ(x)(1 − σ(x)) is a function with a global maximum at x = 0
that tends to 0 for x → ±∞. This causes APO gradients to saturate whenever
the quantities being optimized have changed a lot compared to the beginning of
training. Ethayarajh et al. [2024] theorize that such scaling leads to more robust
optimization.

called reference, πref(x | y):

rθ(x, y) = β log
πθ(y | x)

πref(y | x)
(7.5)

Here, β is a hyperparameter which scales this log-ratio. This leads to the following
DPO objective:

LDPO(x, yw, yl; θ) = − log σ
(
rθ(x, yw)− rθ(x, yl)

)
(7.6)

The DPO authors report that the gradient of this objective intuitively leads to
an increased winning likelihood and decreased losing likelihood. However, this
is only one possibility out of three distinct scenarios. Alternatively, DPO can
increase the winning likelihood more than it increases the losing likelihood, or
decrease the winning likelihood less than it decreases the losing likelihood [Feng
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et al., 2024]. These scenarios may end up producing vastly different models. As
discussed in Section 7.3, a winning output is not necessarily better than what the
model produces before alignment. In this case, DPO may hurt performance if it
increases the likelihood of undesirable outputs.

To help researchers navigate these interactions, we introduce Anchored Pref-
erence Optimization (APO). In essence, APO is a family of alignment objectives
which offer fine-grained control over each of the rewards, thus controlling the
absolute increase or decrease in likelihood during training. In this paper, we focus
in particular on variants that we call APO-zero and APO-down:

LAPO
zero (x, yw, yl; θ) = −σ

(
rθ(x, yw)

)
+ σ

(
rθ(x, yl)

)
(7.7)

LAPO
down(x, yw, yl; θ) = σ

(
rθ(x, yw)

)
− σ

(
rθ(x, yw)− rθ(x, yl)

)
(7.8)

APO-zero explicitly pushes for an increased likelihood of winning outputs and
decreased likelihood of losing outputs during training. In contrast, APO-down
decreases the likelihood of winning outputs and decreases the likelihood of losing
outputs even more. If the model is better than the winning outputs (yw ≺ πθ),
APO-down will intuitively be a better objective. If winning outputs are better than
the model (yw ≻ πθ), APO-zero will be better. Figure 7.3 provides an interpretation
of the gradients produced by both APO methods and compares these with DPO.

One can define additional APO objectives. In general, any contrastive objective
(i.e., greater reward for winning outputs) which specifies additional constraints on
either reward to achieve a tighter link between model and data (e.g., winning rewards
should be positive) can be seen as a form of Anchored Preference Optimization. In
Section 7.7 we consider different alignment objectives and discuss how they relate
to APO.

One interesting variant of APO can be derived from the Kahneman–Tversky
Optimization (KTO) objective of Ethayarajh et al. [2024]. As originally defined,
KTO does not operate on preference pairs, but rather requires only one unpaired
answer and a label indicating if it was preferred or not; the goal of KTO is to push
the winning / losing reward above / below the Kullback–Leibler (KL) divergence
between the model during training and the reference model. The APO perspective
helps us see that there is a natural paired variant of KTO in which the KL-divergence
functions as the anchor:

LKTO-pair(x, yw, yl; θ) = −σ
(
rθ(x, yw)− β KL

)
− σ

(
β KL− rθ(x, yl)

)
(7.9)

This KL term is non-negative, and thus the winning reward is pushed to be positive;
the losing reward can still be either positive or negative.

The KTO authors report that KTO leads to good alignment without an initial
phase of Supervised Fine-Tuning (SFT) on the winning outputs, while DPO does
benefit from this SFT phase in their experiments. APO sheds new light on this
finding: an increase in likelihood of winning outputs is already built into KTO,
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whereas it is not guaranteed for DPO alone. However, this is only a desirable
property of an alignment objective if the winning output quality is better than the
target model’s quality, as described in Section 7.3. When aligning a strong model on
preferences which contain generally lower quality outputs, a KTO-style objective
runs the risk of deteriorating the model.

7.6 Alignment Experiments

To study the effectiveness of CLAIR and APO, we align Llama-3-8B-Instruct
across the four comparable preference datasets described in Section 7.4, created
from 32K UltraFeedback prompts. We use GPT4-turbo to act as Judge or
Reviser when creating these datasets. For every dataset, we align the model using
the four different objectives described in Section 7.5. Additionally, we consider
Supervised Fine-Tuning (SFT) on only the winning outputs as a baseline alignment
objective.

7.6.1 Evaluation Methodology

Human judgments are ultimately the best indicator of how well a model is aligned
with human preferences. Chatbot Arena [Chiang et al., 2024] uses thousands of
pairwise human judgements to produce a ranking of model performance. However,
collecting these judgments can be prohibitively expensive. To overcome this
obstacle, we measure model performance through benchmarks which correlate
highly with this Chatbot Arena ranking.

MixEval-Hard [Ni et al., 2024] is a benchmark with very high Chatbot
Arena correlation (0.96 rank correlation). MixEval-Hard features hard queries
with known answers across a wide range of domains and uses a GPT3.5-turbo
[Brown, 2020, Ouyang et al., 2022] model to evaluate if predicted answers cor-
respond with this ground-truth. This makes MixEval-Hard more grounded in
human knowledge and significantly cheaper to run compared to other popular eval-
uation frameworks such as AlpacaEval [Li et al., 2023, Dubois et al., 2024].
Under the hood, MixEval-Hard utilizes queries sampled from MATH [Hendrycks
et al., 2021], BBH [Suzgun et al., 2023], DROP [Dua et al., 2019], GSM8k [Cobbe
et al., 2021], AGIEval [Zhong et al., 2024], TriviaQA [Joshi et al., 2017],
MBPP [Austin et al., 2021], MMLU, [Hendrycks et al., 2020], HellaSwag [Zellers
et al., 2019], BoolQ [Clark et al., 2019a], GPQA [Rein et al., 2023], PIQA [Bisk
et al., 2020], OpenBookQA [Mihaylov et al., 2018], ARC [Clark et al., 2018],
CommonsenseQA [Talmor et al., 2019], and SIQA [Sap et al., 2019].

Our evaluation of Llama-3-8B-Instruct before any additional alignment
achieves a score of 41.45% on the 2024-06-01 version of MixEval-Hard.
The gap between Llama-3-8B-Instruct and GPT4-turbo is 17%. On the
2024-08-11 split, Llama-3-8B-Instruct achieves 40.5%.

Additionally, we consider the length-controlled LC-AlpacaEval2.0 win
rate [Dubois et al., 2024]. However, two factors lead us to favor MixEval-Hard
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ME-Hard ME-Hard AlpacaEval

2024-06-01 2024-08-11 LC / 2.0

Dataset Objective Max ∆ Mean ∆ Max ∆ Mean ∆ Score ∆ Length ∆

Judge DPO 1.10 −0.74 (1.15) 4.30 2.85 (0.75) 2.94 −158
off-policy KTO-pair −1.00 −2.89 (0.96) 4.05 1.18 (1.67) −5.69 −437

SFT −1.95 −1.63 (1.06) 2.85 0.42 (1.20) −22.29 12669
APO-zero 0.80 −1.99 (1.23) 4.65 1.26 (1.62) −2.42 −395
APO-down 2.70 0.64 (0.98) 4.80 3.52 (0.85) 2.40 −203

Judge DPO 4.00 0.56 (1.61) 5.20 2.71 (1.41) 4.98 341
on-policy KTO-pair 2.45 −0.51 (1.26) 5.05 1.13 (1.70) 3.02 452

SFT 0.65 −0.91 (1.01) 4.20 2.55 (0.70) 1.34 156
APO-zero 4.65 0.02 (1.66) 5.35 2.19 (1.28) 5.51 484
APO-down 3.65 1.60 (0.95) 4.25 3.06 (0.76) 7.63 386

CLAIR DPO 0.55 −1.68 (1.73) 5.05 2.77 (1.40) 2.65 966
KTO-pair 2.15 0.79 (0.98) 4.65 2.92 (0.86) 4.33 160
SFT 0.65 −0.91 (1.01) 2.70 0.92 (1.21) −0.47 6108
APO-zero 7.65 2.93 (1.98) 5.95 4.39 (0.89) 5.08 520
APO-down −1.05 −5.22 (1.55) −1.20 −3.61 (1.05) −6.30 2559

Stronger DPO −5.00 −6.94 (1.03) −3.10 −4.40 (0.98) −2.89 597
Preferred KTO-pair −1.20 −5.21 (1.27) 2.25 0.50 (1.13) 0.71 153

SFT 2.45 0.49 (1.31) 5.05 2.73 (1.21) 6.99 1883
APO-zero −1.70 −2.72 (1.40) −4.85 −12.02 (5.38) 0.89 243
APO-down −6.50 −12.51 (4.97) 1.65 0.16 (1.22) 1.87 10001

Table 7.2: Max and mean MixEval-Hard improvements for the
2024-06-01 and 2024-08-11 splits, aggregated over 18 epochs of
aligning Llama-3-8B-Instruct. Best overall performance bold, best
performance per dataset underlined, standard deviation in parentheses. While
MixEval-Hard functions as our primary evaluation tool, we also report the
average LC-AlpacaEval2.0 score increase over the two best MixEval-Hard
checkpoints, and average length increase (in characters) of the responses. CLAIR
leads to the greatest overall performance improvement on MixEval-Hard. APO
methods achieve the best performance across both Judged and CLAIR datasets.

as our primary evaluation tool. The first is practical: LC-AlpacaEval2.0 is
prohibitively expensive to run, we thus use MixEval-Hard for the bulk of our
evaluation. The second concerns the assessment itself: while both benchmarks are
highly correlated with human-produced model rankings, MixEval-Hard utilizes
questions with known ground-truth answers whereas LC-AlpacaEval2.0 uses
an LLM judge without any ground-truth to decide correctness.

7.6.2 Training Specifications

Llama-3-8B-Instruct is trained for a total of 18 epochs on each preference
dataset and alignment objective, with a checkpoint saved every single epoch. The
β hyperparameter, common to all alignment objectives except SFT, is set to 0.1.
Prompt and responses are truncated to 512 tokens each. Each model is trained using
an effective batch size of 16 across one node of 8 NVIDIA H100 GPUs, using the
RMSProp optimizer with a learning rate of 2× 10−7, linearly decaying to 0 over
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the 18 epochs. All training is implemented using the TRL library [von Werra et al.,
2020].

7.6.3 Results

We report the maximal and mean MixEval-Hard improvement over all check-
points from the same training run. This helps us understand both the best-case
and average impact of alignment across the entire training procedure. We use
both 2024-06-01 and 2024-08-11 versions of MixEval-Hard, which each
feature a distinct set of queries. Due to the increased evaluation cost associ-
ated with LC-AlpacaEval2.0, we only measure the win rate for the two best
MixEval-Hard checkpoints and report their average. We use no system prompt
for both evaluations. Our analysis is summarized in Table 7.2 for every dataset and
objective; we now discuss these results in more detail.

7.6.3.1 Preference Data

To assess the quality of a particular dataset, we consider the performance of
that dataset when paired with its best objective. Using the APO-zero objective,
the contrastive CLAIR dataset leads to the greatest improvement. On the
2024-06-01 split of MixEval-Hard, CLAIR leads to the greatest maximal
improvement of +7.65% and the greatest average improvement of +2.93% out of
all our experiments. This improvement of +7.65% closes the relative gap with
GPT4-turbo by 45% using only 32K pairs.

We noted in Section 7.2 that uncontrolled contrastiveness can degrade model per-
formance. We see this dramatically in the results for the Stronger Preferred dataset,
which can heavily degrade model performance. Like CLAIR, this dataset has all
winning outputs produced by a stronger model. Unlike CLAIR, though, its exam-
ples provide no guarantee of relevant minimal contrasts. Thus, the contrastiveness

induced by the CLAIR revision process is a major driver of performance.
Both on-policy judge and off-policy judge datasets lead to improved perfor-

mance when paired with their best alignment objective, but on-policy preferences

lead to better performance compared to off-policy preferences. This is intuitive;
judgments about the target model’s outputs are in general more relevant.

The LC-AlpacaEval2.0 results generally follow a similar trend compared
to MixEval-Hard, although the on-policy judge dataset attains a higher score
compared to CLAIR. While both benchmarks correlate highly with human ratings of
models, MixEval-Hard is our primary and most significant evaluation tool – we
are able to evaluate every model checkpoint across two MixEval-Hard splits due
to its low cost. Additionally, we remark on a potential issue with the robustness of
LC-AlpacaEval2.0 in Appendix 7.11.4. A performance breakdown in function
of MixEval-Hard’s constituent benchmarks is given in Appendix 7.11.2.
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Figure 7.4: Log-likelihood and reward on held-out winning and losing outputs
for Llama-3-8B-Instruct trained on CLAIR, on-policy judge, off-policy

judge, and Stronger Preferred preference datasets, using APO-down, APO-zero,
or DPO alignment objectives.

7.6.3.2 Alignment Objectives

On MixEval-Hard, Anchored Preference Optimization (APO) consistently

leads to the greatest performance increase for every preference dataset, with
the exception of the Stronger Preferred dataset, where all contrastive objectives
underperform SFT. The relation between the preference dataset and the target
model controls which variant of APO is best for any dataset, as predicted in
Section 7.3. APO-down results in the best performance when winning outputs

are generally worse than the target model, as is the case for the off-policy judge
dataset. APO-zero is the best objective when winning outputs are generally

better than the target model, as is the case for CLAIR and on-policy judge
datasets. The difference between alignment objectives is less salient for the on-
policy judge dataset as compared to CLAIR, since winning on-policy judge outputs
are only slightly better than Llama-3-8B-Instruct on average. Winning
CLAIR outputs may be vastly better than Llama-3-8B-Instruct since they
are produced by a stronger model, making the different in alignment objectives
more noticeable.

7.6.4 Analysis

To more deeply understand how the target model is changed during training, we
can study the trajectories of winning / losing likelihoods and rewards on held-out
preferences. Figure 7.4 plots these trajectories for the APO-down, APO-zero, and
DPO experiments on each preference dataset, using 100 held-out preference pairs
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from that dataset.

7.6.4.1 Preference Data

First, we observe that the likelihoods help characterize the type of preference dataset.
In the on-policy judge dataset, all answers are sampled from the target model and
thus have a high likelihood. The off-policy variant has no answers coming from
the target model, and hence all likelihoods are low. Both CLAIR and Stronger
Preferred have losing outputs with high likelihood and winning outputs with low
likelihood.

Any initial discrepancy between log-likelihoods is normalized by the reward,
which tracks changes in likelihood and thus starts at exactly 0. The margin be-
tween winning and losing reward indicates how much more the winning likelihood
increased during training. Positive reward margins can still produce negative log-
likelihood margins, if any initial disparity between winning / losing log-likelihood
is not overcome. This ends up being the case for our CLAIR dataset.

The training dynamics for CLAIR and Stronger Preferred look very similar, yet
the downstream performance on MixEval-Hard is completely different. This
is because contrastive alignment objectives will exploit any difference between
winning and losing outputs to decrease loss. Most of these differences in CLAIR
are directly related to improving performance, because CLAIR itself is a minimally
contrastive dataset. Many of the differences in Stronger Preferred may not be
relevant.

7.6.4.2 Alignment Objectives

All three alignment objectives display systematic behavior across each dataset.
APO-zero consistently leads to the greatest winning and losing rewards. APO-down
consistently produces the lowest rewards. Both of these behaviors are as intended.
DPO has a slightly more complicated dynamic, which is nonetheless consistent
across datasets. In the initial steps of training, DPO tracks the behavior of APO-zero
(high rewards) before following APO-down (low rewards) during the remainder of
training. This explains why downstream DPO performance correlates most with
APO-down. However, DPO is never the best method on any dataset, because it falls
between the distinct modes of APO-zero and APO-down.

Training models with contrastive alignment objectives is considerably more
complex that conventional supervised fine-tuning. The result is dependent on the
semantics of the alignment objective, the contrastive signal in the training data,
and the relationship between data quality and target model. Our results show that
paying attention to the interplay between these attributes is essential.

7.7 Related Work

We now characterize relevant alignment efforts and outline how they relate to
Contrastive Learning from AI Revisions (CLAIR) and Anchored Preference Opti-
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mization (APO).
Reinforcement Learning from Human or AI Feedback (RLHF / RLAIF; Ouyang

et al. 2022, Bai et al. 2022, Yuan et al. 2024) is a technique used to align models
with human preferences. Fundamentally, these approaches first train a reward model
using preference judgments and subsequently optimize a Language Model for this
reward using Reinforcement Learning [Schulman et al., 2017]. To side-step the
need for an explicit reward model, Direct Preference Optimization (DPO; Rafailov
et al. 2024b) aligns an LM directly using a contrastive training objective.

We articulated two core insights concerning (i) the role of contrastive preference
data, and (ii) the need to anchor alignment depending on model and data. These
insights translate to any alignment effort which uses comparative preferences.
For example, a reward model trained on spurious preference signals may be a
less accurate proxy for real rewards, contributing to problems such as reward

overoptimization or hacking [Gao et al., 2023, Rafailov et al., 2024a].
For the remainder of this review, we first focus on contrastive alignment methods

and their variants (of which Wang et al. 2024b provide a detailed overview). Finally,
we discuss related preference datasets and how they were created.

Changing the LM more / less: Amini et al. [2024] and Wu et al. [2024a] recognize
that preference pairs can vary. Both works study how much more preferred the
winning output is, and seek to incorporate this into the objective by changing the
model more / less depending on this preference strength. Using the difference in
gold rewards as a substitute for preference strength, Amini et al. [2024] add an
instance-level margin to the contrastive objective while Wu et al. [2024a] scale the
β parameter at a batch-level. Other works also utilize a margin in the contrastive
loss, but specify this as a static hyperparameter [Zhao et al., 2023, Azar et al., 2024,
Meng et al., 2024]. These contributions complement our own; they focus on how

much a model should change, whereas CLAIR creates better learning signals and
APO more fully specifies the intended training dynamics.

Controlling training dynamics: The tendency of DPO to decrease the winning
likelihood has been remarked and analyzed in several works [Feng et al., 2024, Pal
et al., 2024]. Some works use an additional loss term to explicitly increasing the
likelihood of winning outputs [Hong et al., 2024, Pentyala et al., 2024, Adolphs
et al., 2023, Zhao et al., 2023, Xu et al., 2024]. While these methods can be seen
as variants of Anchored Preference Optimization, they do not recognize the need
to anchor the objective differently depending on dataset and model, and they do
not offer methods that explicitly decrease the winning likelihood when required.
Both Rafailov et al. [2024a] and Azar et al. [2024] generalize a set of alignment
methods, but neither allow for any anchoring.

Learning from unpaired data: Ethayarajh et al. [2024], Richemond et al. [2024],
and Jung et al. [2024] use unpaired examples and rewards for alignment instead
of paired examples. Zhang et al. [2024] and Duan et al. [2024] operate solely on
undesirable examples in this unpaired setting. In contrast, our work exclusively
operates on paired preferences. However, the core insights of APO do apply to
unpaired data. For example, Ethayarajh et al. [2024] use binary desired / undesired
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labels for each answer. We argue this desirability is inherently relative to the model:
the same example of desirable behavior used to improve a weak model may actually
be an example of undesirable behavior compared to a stronger model, causing the
need for anchoring.

Length-controlled optimization: Preference pairs created through a judging
paradigm can be biased towards preferring more verbose answers Saito et al. [2023].
To prevent aligned models from inheriting this bias, Meng et al. [2024] and Park
et al. [2024] explicitly control for the length of generations during training. These
constraints on generation length can be seamlessly integrated into APO methods as
well. In addition, CLAIR revisions could further help with these efforts to reduce
the verbosity bias. For example, the Reviser could be designed to not increase
length.

Reference-free optimization: Several objectives have opted to directly optimize
the contrastive relation between winning / losing likelihoods instead of rewards,
removing the need for a secondary reference model [Meng et al., 2024, Zhao et al.,
2023, Hong et al., 2024, Xu et al., 2024]. Since all these methods are contrastive,
the insights from CLAIR and APO directly apply. Additionally, the CLAIR dataset
used in our experiments may shed light on the nature of reference-free optimization.
Figure 7.4 shows that our models are sufficiently aligned on the CLAIR dataset
when considering rewards, but the absolute likelihood of losing outputs is still
greater. This is due to the initial discrepancy in likelihoods produced by the revision
process.

Iterative optimization: Updating the reference model during training can improve
results [Kim et al., 2024, Rosset et al., 2024, Wu et al., 2024b]. All of these insights
are applicable to our work.

Preference Datasets: Chiang et al. [2024] release a dataset of human preference
judgements across conversations between humans and several AI assistants. To
alleviate the need for human judges, some efforts focus on scaling preference anno-
tations with LLM-based judges [Cui et al., 2024, Zhu et al., 2023] or metric-based
judges [Jiang et al., 2023]. Unlike our CLAIR method, these works do not create
preferences through revisions. Bai et al. [2022] use a set of predetermined criteria
(called a constitution) to prompt an LLM to revise answers and make them safer
(see also Lambert et al. 2024). Dubey et al. [2024] used human revisions in the de-
velopment of the llama-3.1 model family. While both efforts create preferences
through revisions, we particularly focus on revisions that create a minimal contrast
and studied the effect of this contrastiveness on alignment outcomes.

7.8 Future work

In this work, we have presented two variants of the APO objective family. Each
method accounts for a distinct relationship between target model and preference
pair during training. However, real world preference datasets may contain a wide
range of different preference pairs, thus the dataset as a whole may not perfectly
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correspond with any single APO variant. To tackle this, a natural extension of APO
could be to select the optimal APO variant at the preference pair level, instead of at
the dataset level. Heuristically, this could be achieved using an off-the-shelf reward
model to score each preference pair before training.

7.9 Conclusion

Alignment performance is significantly impacted by (i) the contrastiveness of the
preference pairs and (ii) the relationship between target model and alignment data.
We introduce Contrastive Learning from AI Revisions (CLAIR), a data-creation
method which produces better contrasting preference pairs, and Anchored Prefer-
ence Optimization (APO), a family of alignment objectives with tailored training dy-
namics. Our experiments aligning Llama-3-8B-Instruct show that CLAIR
preferences lead to the highest performance improvement out of four compara-
ble preference datasets, and APO methods consistently outperform conventional
alignment objectives.
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7.11 Appendix

7.11.1 Preference Dataset Creation

7.11.1.1 Prompts

The prompts we use for the Reviser and Judge function of Equation 7.1 and 7.2 are
given in Table 7.3. Both prompts contain instructions to prefer more clear, more
correct, and more engaging outputs. The Reviser prompt creates a preference pair
by minimally revising and improving an output according to these preferences.
Instead, the Judge prompt selects a more preferred output given two candidate
answers.

7.11.1.2 Preference Pair Filtering

We reject revisions or judgments if the LLM failed to follow formatting guidelines
specified in the revising or judging prompt. Additionally, we reject revisions if
they altered the length of the original output too much; we found this mainly
happens when the LLM misunderstands the revision prompt. Starting from the
same 32K instructions sampled from UltraFeedback, this procedure creates
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Type Prompt

Reviser You are a teacher and your task is to minimally improve a student’s
answer. I will give you a {{task}} and a {{student_solution}}. Your
job is to revise the {{student_solution}} such that it is clearer, more
correct, and more engaging. Copy all non-corrected parts of the stu-
dent’s answer. Do not allude to the {{corrected_student_solution}} be-
ing a revision or a correction in your final solution.\n\n{{task}}: <in-

struction x> \n\n{{student_solution}}: <losing output yl> \n\n———
——–\n\nLet’s first think step by step with a {{teacher_reasoning}} to
decide how to improve the {{student_solution}}, then give the {{cor-
rected_student_solution}}. Mention the {{teacher_reasoning}} and {{cor-
rected_student_solution}} identifiers to structure your answer.\n\n

Judge You are a teacher and your task is to pick the best student’s
answer. The best answer is the most clear, most correct, and
most engaging answer. I will give you a {{task}} and {{stu-
dent_solution_1}} and {{student_solution_2}}. Your final answer must
contain [1] if {{student_solution_1}} was best, else [2].\n\n{{task}}:
<instruction x> \n\n{{student_solution_1}}: <first output y1>

\n\n{{student_solution_2}}: <second output y2> \n\n—————–
\n\nLet’s first think step by step with a {{teacher_reasoning}} to decide
which solution is better, and then answer [1] or [2].\n\n

Table 7.3: Prompt templates used for creating preference triples (x, yl, yw) with the
Reviser and Judge function of Equation 7.1 and 7.2. The variables in the prompt
template are bolded and bracketed. Both prompts target clear, correct, and engaging
outputs. The Reviser prompt instructs that a losing output yl should be minimally
improved to create the winning output yw. Instead, the Judge prompt picks the
winning / losing output out of two candidates y1 & y2. Both prompts also instruct a
model to produce a reasoning before revising or judging.
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MixEval-Hard # query score + CLAIR + Judge + Judge + Stronger
split (on-policy) (off-policy) Preferred

Overall score 988 41.45 49.10 46.10 44.15 43.90

TriviaQA 267 34.30 49.20 42.40 43.70 39.80
MMLU 231 43.70 39.00 42.00 36.80 34.60
DROP 167 50.20 58.70 64.30 64.90 58.90
AGIEval 71 31.00 38.00 38.00 39.40 38.00
HellaSwag 61 29.50 37.70 26.20 29.50 27.90
CommonsenseQA 50 60.00 72.00 60.00 48.00 58.00
BoolQ 37 40.50 45.90 32.40 21.60 27.00
GSM8k 22 60.00 80.00 69.50 63.20 84.10

SIQA 20 45.00 50.00 40.00 15.00 40.00
MATH 16 47.50 63.70 51.30 58.80 73.10

BBH 16 51.30 68.80 57.50 60.60 66.90
OpenBookQA 8 62.50 62.50 50.00 62.50 75.00

GPQA 8 12.50 25.00 25.00 25.00 37.50

PIQA 8 50.00 62.50 62.50 62.50 75.00

ARC 4 0.00 0.00 0.00 0.00 0.00

MBPP 2 0.00 0.00 0.00 0.00 0.00

Objective used: / APO-zero APO-zero APO-down SFT

Table 7.4: Breakdown of MixEval-Hard performance (version 2024-06-01)
in function of which dataset the queries originate from. Analysis given for
Llama-3-8B-Instruct and our best models on the CLAIR, Judge (on-policy),
Judge (off-policy), and Stronger Preferred datasets. While individual splits may not
always indicate the best model (particularly when the amount of queries is low), the
overall score correlates highly with human judgments about model performance
(Chatbot Arena Elo; Chiang et al. 2024). MixEval-Hard uses a GPT3.5-turbo
model to rate if a response to a query agrees with a known gold-truth response.

29K CLAIR pairs, 29K Stronger Preferred pairs, 29K off-policy Judge pairs, and
32k on-policy Judge pairs. We adapted the code by Williams [2023] to efficiently
query closed-source LLMs in parallel over API.

7.11.2 MixEval-Hard Performance Breakdown

MixEval-Hard features queries from a wide range of established benchmarks, as
outlined in Section 7.6.1. Previously, we reported on the overall MixEval-Hard
performance. Table 7.4 breaks down this overall performance in function of these
different benchmarks. While MixEval-Hard often incorporates only a few
queries from any given benchmark, the overall performance correlates highly with
human judgements.
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ME-Hard ME-Hard

2024-06-01 2024-08-11

Dataset Loss Max ∆ Mean ∆ Max ∆ Mean ∆ Train Time

Judge KTO 2.10 −2.70 (1.67) 4.75 1.31 (1.61) 19h 18m 10s
off-policy APO † −0.40 −3.67 (1.68) 4.35 0.66 (1.44) 12h 32m 58s

Judge KTO 3.50 1.28 (1.11) 4.85 2.70 (1.35) 19h 40m 10s
on-policy APO 4.35 1.31 (1.44) 5.60 3.92 (0.99) 13h 49m 55s

CLAIR KTO 3.75 1.47 (1.39) 5.80 4.12 (1.09) 17h 33m 24s
APO 1.40 −1.49 (1.77) 3.20 1.13 (1.21) 12h 31m 03s

Stronger KTO −3.25 −4.73 (1.01) 0.30 −1.18 (0.75) 19h 07m 29s
Preferred APO −2.70 −4.57 (1.32) 2.95 0.50 (1.25) 12h 38m 49s

Table 7.5: Max and mean MixEval-Hard improvements for the
2024-06-01 and 2024-08-11 splits, aggregated over 18 epochs of
aligning Llama-3-8B-Instruct. Best overall performance bold, best
performance per dataset underlined, standard deviation in parentheses. KTO is
the best unpaired loss given the off-policy Judge and CLAIR datasets, while APO
performs better when given the on-policy Judge and Stronger Preferred datasets.
KTO can take 60% longer to train for the same configuration. †In this table, we use
the APO-zero-unpaired loss for all APO experiments.

7.11.3 Unpaired APO

In this work, we designed datasets and alignment objectives for paired preferences
(output yl ≺ yw for input x). The original KTO objective [Ethayarajh et al., 2024]
was designed to operate on desirability data (output y for input x was desirable
or not), which does not use such paired preferences. We consider an unpaired
variant of our APO-zero loss, called APO-zero-unpaired, which resembles the KTO
objective but which fixes the KL term to zero. Table 7.5 compares KTO with
APO-zero-unpaired, keeping everything else comparable with our main results in
Table 7.2. To turn our paired datasets into unpaired datasets, we turn each datapoint
consisting of two outputs into two datapoints with one output.

There is no clear winner between KTO and APO-zero-unpaired across the
board. Within each dataset however, there always is a clear winner. This reflects the
main findings of our work, different alignment objectives have distinct semantics,
and different datasets require different semantics. APO-zero-unpaired consistently
trains faster, due to not calculating the KL term. In some cases, the KTO objective
can take 60% longer to train.

7.11.4 How well does AlpacaEval control for lengths?

GPT4 as a judge is known to favor more verbose responses, which can artificially
inflate AlpacaEval win rates for verbose models [Dubois et al., 2024]. To coun-
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teract this bias, Dubois et al. [2024] estimate a length-controlled AlpacaEval
win rate, which we report on in Table 7.2. Specifically, the authors adopt a causal
inference framework to answer the question "What would the AlpacaEval met-
ric be, if the outputs of all models had the same length as those of the baseline?"
[Dubois et al., 2024].

In order to meaningfully apply causal inference, a few key assumptions need
to be met. The Positivity assumption [Hernán and Robins, 2006] states that, when
estimating the effect of a treatment, there are at least some subjects which receive
the treatment for all covariates. Intuitively, the Positivity assumption applied to the
length-control question states that you need to observe at least some long and some
short responses for every model in order to accurately estimate how the response
length influences the model’s win rate.

The AlpacaEval framework does not check if this Positivity assumption is
met, potentially giving bad estimates for the length-controlled win rates in some
settings. If a certain model consistently generates responses longer than those of
the baseline, it is impossible to accurately estimate how good the responses would
be if they were as long as the baseline.

This may give us insights into some of our length-controlled AlpacaEval
win rates. For example, the SFT result on the Stronger Preferred dataset in Ta-
ble 7.2 seems disproportionately high in comparison to the MixEval-Hard re-
sults for that same experiment. This model is considerably more verbose than
Llama-3-8B-Instruct, as evident from the large response length increase
associated with this experiment ( + 1883 characters on average). It is possible the
Positivity constraint was not met for this experiment, causing the length-controlled
framework of AlpacaEval to provide inaccurate estimates.

While a more thorough study of length-controlled win rate is out of scope for
this work, one potential avenue towards a more robust length-controlled win rate
would be to specifically prompt models to generate shorter or longer answers if the
Positivity constraint is not met.
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