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Abstract

Much of classical artificial intelligence in the tradition of McCarthy (1959) pursued
symbolic theorem proving over carefully hand-crafted ontologies of facts and rules.
Due to challenges in scalability and expressivity, such reasoning has fallen out of favor
in light of data-driven large language models (LLMs), which capture vast amounts of
knowledge and reasoning power by learning patterns over natural language (NL) text
corpora. Yet, aspects of the symbolic theorem proving paradigm — namely, mechanistic
systematicity, groundedness, and logical underpinnings — are lost in most applications
of LLMs, leading to common issues such as hallucinations. This thesis revisits theorem
proving in the context of recent advances in LLM reasoning and knowledge retrieval,
aiming to leverage the strengths of both the neural and symbolic traditions while
addressing their respective pitfalls. I develop a neuro-symbolic entailment engine
that reasons over natural language, building on the skeleton of a symbolic prover
but leveraging neural models to reason flexibly and dynamically. The entailment
engine is designed to systematically determine whether the natural language (NL)

hypothesis is compositionally entailed by pieces of evidence provided in large and
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readily available text corpora. Through its symbolic search, the engine constructs
complex and interpretable entailment trees explaining how complex inferences follow
from recursive multi-hop granular inferences, leveraging recent advances in information
retrieval and modular reasoning with language models.

While “symbol pushing” engines are semi-guaranteed to arrive at proofs if they
exist, the neural variant that I explore in this thesis does not have such a guarantee.
NL is infinitely expressive, and by creating an NL proof search, we introduce numerous
challenges regarding the kinds of inferences and search branches that are most viable
to reason over for a given problem. Moreover, by using neural LLMs to generate
inferences, we face challenges in getting them to reason robustly. This thesis explores
ways to tackle this large and intractable search problem: using a noisy recent tool for

reasoning (LMs) for mechanistic backward chaining proof search.
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CHAPTER 1. INTRODUCTION

1.1 Motivation

Since the early days of artificial intelligence (AI) and natural language processing
(NLP) research, the field has pursued creating systems for general purpose, robust
reasoning that emulates the cognitive abilities of humans. This thesis will focus on the
problem of reasoning over natural language text—a task that is central to the broader
goal of creating Al systems that can understand, generate, and perform complex
decision making based on natural language input. The ability to reason over natural
language text is a key component of many applications of Al, including question
answering, information retrieval, and dialogue systems.

Many early “good, old-fashioned AI” reasoning systems were based in a tradition
of automated theorem proving. A system would be given a set of axioms and rules
of inference, and using logical deduction, it would attempt to derive new facts from
these axioms using logical deduction in order to solve problems. These systems were
often based on formal logic, and were able to perform reasoning in a systematic,
mechanistic and interpretable manner. The core inferential building block of many
symbolic theorem provers is the IF/THEN rule, or Horn clause: a statement of the
form “If X were true, then we would have reason to believe Y.” An example Horn
clause from a famous early symbolic reasoning system called MYCIN (Shortliffe and

Buchanan, 1975) is shown in Figure 1.1.



CHAPTER 1. INTRODUCTION

RULE035

PREMISE: ($AND (SAME CNTXT GRAM GRAMNEG)
(SAME CNTXT MORPH ROD)
(SAME CNTXT AIR ANAEROBIC))
ACTION: (CONCLUDE CNTXT IDENTITY BACTEROIDES TALLY .6)

IF: 1).The gram stain of the organism is gramneg, and
2) The morpholcgy of the organism is rod, and
3) The aerobicity of the organism is anaerobic
THEN: There is suggestive evidence (.6) that the identity
of the organism is bacteroides

Figure 1.1: Example Horn rule from the MYCIN system. The rule is shown in both
its literal form written in LISP and its English translation.

MYCIN was a consultation tool for doctors to make efficient and accurate diagnoses
and treatment plans for infectious diseases. It operated by asking the doctor a series
of questions about the patient’s symptoms and medical history, and then use a set of
Horn rules to infer the most likely diagnosis and treatment plan. MYCIN is considered
an original expert system, an “Al program designed (a) to provide expert-level solutions
to complex problems, (b) to be understandable, and (c) to be flexible enough to
accommodate new knowledge easily” (Buchanan and Shortliffe, 1984). These qualities
are each important in the context of applied Al in scientific domains, and reflect
the role of an expert system as an interface between a nontechnical domain expert
(e.g. a doctor who does not know programming languages) and the nuts and bolts
of an AT inference engine. Critically for the medical domain, MYCIN could provide
to its doctor clientele justifications for its conclusions in terms of the rules it used to
make the inference. Scott et al. (1977) listed the following key types of explanations

producible by their designed MYCIN system:
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e how it made a certain decision e how it used a piece of information

e what decision it made about some subproblem e why it did not use a certain piece of information
e why it failed to make a certain decision e why it required a certain piece of information
e why it did not require a certain piece of information

e how it will find out a certain piece of information (while the consultation is in progress)

e what the system is currently doing (while the consultation is in progress)

Figure 1.2: Types of explanation provided by the MYCIN system.

Backward chaining systems like MYCIN inherently support these explanations.
They derive hypotheses by explicitly chaining information from their knowledge base.
This process allows MYCIN to trace its reasoning, providing a clear rationale for each
conclusion by design that can be readily communicated to a human user.

Yet, famously, these systems were brittle and required extensive engineering to
encode domain knowledge in a way that was amenable to logical deduction. The
“knowledge acquisition bottleneck” plagued Al practicioners and was a major obstacle
to the widespread adoption of these systems in real-world applications. MYCIN, for
example, required a team of medical experts and Al researchers to encode the rules
that it used to make inferences, and the system was only able to reason about the
specific domain of bacterial infections for which it was designed. Moreover, it applied
only rudimentary NLP techniques to process user queries, allowing for only a limited
range of question types and specifications.

Recent advances in deep learning and generative large language models (LMs) have
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shown that data-driven neural networks can be used to mitigate, or at least bypass,
some of these limitations of traditional symbolic reasoning systems. Neural networks
are capable of memorizing vast amounts of knowledge from large-scale text corpora
and can generalize to new tasks and domains with minimal engineering effort. These
do away with notions of FOL-based knowledge representation, axiomatic inference or
bridging the syntax-semantics divide using lexical relations. Instead, they rely upon
ever-growing datasets and neural architectures grounded not to theory, but to the
principles of ‘more data, more parameters, more compute.” Recent generations of LMs
approach what might be considered forms of general artificial intelligence; they are able
to perform a wide range of natural language understanding tasks with human-level
performance on many benchmarks (Hendrycks et al., 2021), including common exams
such as the US Medical Licensing Examination (USMLE) (Brin et al., 2023). Yet, these
forms of Al are often criticized for their lack of interpretability, and their tendency to
rely on superficial patterns in the data to reason in ways that are not acceptable to
humans. In a recent slew of instances with real-world implications, they have shown
to make up information (the so-called ‘hallucination problem’). For example, a doctor
recently used an LM to answer a question and found that it cited a journal article in
his area of expertise that had been totally made up by the model (Lemoult, 2023).
Recent work has found that, even when provided with underlying support documents,
state-of-the-art LLMs such as GPT-4 (OpenAl, 2023) can generate medical statements

not supported by any medical references at a 30% rate (Wu et al., 2024). Particularly
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in domains such as law and medicine for which precise and interpretable complex
reasoning is required, this thesis argues that LMs must serve a less all-encompassing role
in reasoning systems, even if using them end-to-end is convenient and high-performing.

In light of shortcomings identified in both symbolic and neural reasoning systems,
there is a growing interest in developing hybrid neuro-symbolic systems that combine
the strengths of both approaches. Some have argued (Marcus and Davis (2019) most
prominently) that if the NLP community is to continue to pursue the use of NLMs
in cognitive systems that have interpretable structured reasoning, there is a need
to revive the desirable qualities of GOFAI expert systems in a way that does not
necessarily rely upon NLMs to perform forms of reasoning end-to-end that we are

skeptical they can achieve.

1.2 Overview

In this thesis, I reconsider the role of neural language models in artificial cognitive
reasoning systems. Rather than relying upon them to perform logical reasoning end-
to-end, we consider them as modular components in a hybrid reasoning algorithm
reminiscent of classical expert systems that rely upon proof search and hypothesis
grounding to knowledge. Specifically, I separate the logic-based symbolic reasoning,
for which we rely upon a theorem prover, and knowledge representation and generation

components, for which we rely upon NLMs. I pursue a framework for structured
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reasoning that performs theorem proving over natural language statements, using
NLMs to dynamically suggest large arrays of diverse potential inference steps to be
considered by separate critic models. NLMs thus serve as proposal functions in a
backward chaining search for a structured, semi-symbolic proof over natural language
statements, reducing or eradicating the need for engineer-curated knowledge bases
of facts and well-defined, brittle rules. In this way, I leverage the generalization
capabilities of NLMs to counterbalance the brittleness of symbol-manipulators.

The underlying logical mechanism that I rely on is textual entailment: whether
one statement can be inferred from others. This is a fundamental task in NLP that
has been used in a wide range of applications, though has ony intermittently been
considered in the context of general-purpose problem solving. I build upon recent
work that has used NLMs to generate entailment trees, a structured representation
of a model’s reasoning that shows granularly how a natural language hypothesis
can be compositionally inferred from a series of simpler statements grounded to a
knowledge base. In this way, I develop a system that has the GOFAI-like properties of
interpretability, modularity, groundedness, and systematicity and provides the sorts of
explanations that systems like MYCIN were designed to readily provide. The ultimate
goal of this thesis is a general-purpose entailment engine that determines whether
some corpus of human-verifiable knowledge compositionally entails a given hypothesis,
and if so, generate a structured proof in the form of an entailment tree (Dalvi et al.,

2021). An example tree is shown in Figure 1.3.
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Figure 1.3: Example entailment tree generated by TREEWISE, an entailment engine
described in this thesis. The tree shows how the hypothesis about a clinical diagnosis

can be compositionally inferred from a series of simpler statements grounded in
external knowledge documents and the context of the case (green).

Parallel to progress on general-purpose LLM-based reasoners, the NLP field has

seen the rise of techniques for retrieval augmented generation (RAG; Guu et al. (2020),
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Lewis et al. (2020)) and reasoning techniques: methods that “hook up” LLMs to search
indices of large text corpora— a resource made increasingly abundant by the rise of
the internet— to generate more grounded, interpretable, and accurate text. Compared
with a traditional expert system that required immense effort to engineer hand-crafted
logic statements, modern retrieval-augmented LLMs can dynamically reason over
regular human-written NL text in entire documents of encyclopaedic prose. While the
developers of MYCIN had to consult with medical experts to encode the rules that the
system used to make inferences, a modern retrieval-augmented LLM can be provided
with a corpus of medical textbooks, journal articles, and other authoritative texts to
generate inferences about medical conditions and treatments. This thesis utilizes these
techniques for systematic reasoning over a large corpus of human-verifiable knowledge,

generating structured proofs of entailment against natural language documents.

1.3 Roadmap and Contributions

In Chapter 2, I review existing work on symbolic, neural, and neuro-symbolic
approaches to quasi-formal reasoning over text, with a focus on methods that utilize
language models for generation of novel textual content as inference steps. I also
review some of my own precursor work on extracting and reasoning over text from
language models. I also provide an overview of textual entailment in NLP research

and the role it has played in evaluating and enhancing reasoning systems.
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Chapter 3 then gives an overview of the envisioned framework for an LM-based
entailment engine that performs automated theorem proving over natural language
statements. I describe the architecture of the system, the role of LMs in a symbolic
reasoning-inspired search procedure, and the process of development and evaluation
of the first neuro-symbolic compositional entailment engine, NELLIE.

In Chapter 4 I then focus on the core task underlying the entailment engine:
recognizing whether a given decomposition of a hypothesis into a series of premises
is deductively valid. Collecting realistic and internally consistent data for this
task is challenging but is critical to the development of high-quality entailment
engines. I describe our pursuit of a theoretically grounded approach to annotating
decompositional entailment examples. The contributions of this chapter is a new
protocol for collecting entailment data, a new high-quality dataset of decompositional
entailment examples, and an evaluation of recent entailment models on this dataset
that shows considerable room for improvement.

In Chapter 5, I describe efforts to address some core limitations of the initial
NELLIE system, namely the reliance on a clean underlying knowledge source and
on in-domain training data. I describe a new entailment engine, TREEWISE, that
uses a more flexible and generalizable approach to entailment tree generation that
can be readily applied to noisier, longer source texts in different domains of question
answering. I evaluate this new engine in a scenario that targets not just correct

question answering, but also evaluates the quality of the generated entailment trees.
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In Chapter 6, I switch focus to the challenge of populating explicit, generalizable
knowledge to improve entailment-based reasoning in a given domain. I explore an
application of entailment engines in the automatic construction of natural language
microtheories, small-scale knowledge bases meant to capture the core concepts and
relationships in a given domain. The contributions of this chapter are a question-
driven method for populating a microtheory for a question answering dataset and
an evaluation of the impact of the resulting microtheories on the performance of
entailment engine in the same domain.

Finally, in Chapter 7, I summarize the contributions of this thesis, consider the
broader role of entailment-based reasoning in modern NLP, and discuss the limitations
of the work, and suggest directions for future research in the field of neuro-symbolic

reasoning over text.

1.4 Publications

Portions of this dissertation have been published and preprinted in the following

papers:

e (Chapter 3) Nathaniel Weir, Peter Clark, and Benjamin Van Durme (2024a).

“NELLIE: A Neuro-Symbolic Inference Engine for Grounded, Compositional,
and Explainable Reasoning”. Proceedings of IJCAI 2024. URL: https://api.

semanticscholar.org/CorpusID:258762900
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e (Chapters 4 and 5) Nathaniel Weir, Kate Sanders, Orion Weller, Shreya Sharma,
Dongwei Jiang, Zhengping Jiang, Bhavana Dalvi Mishra, Oyvind Tafjord, Peter
Jansen, Peter Clark, et al. (2024b). “Enhancing systematic decompositional

natural language inference using informal logic”. Proceedings of EMNLP 2024

During my PhD, I have been fortunate to co-author a series of other publications
that are relevant to and inform the work that ultimately makes up this thesis. These

works can be organized loosely into the following areas:

e Knowledge Grounding and Attribution in Dialogue and Question

Answering

— Nathaniel Weir, Ryan Thomas, Randolph D’Amore, Kellie Hill, Benjamin

Van Durme, and Harsh Jhamtani (2024). “Ontologically faithful generation

of non-player character dialogues”. Proceedings of EMNLP

— Orion Weller, Aleem Khan, Nathaniel Weir, Dawn Lawrie, and Benjamin

Van Durme (2024a). “Defending Against Disinformation Attacks in Open-
Domain Question Answering”. Proceedings of the 18th Conference of the
FEuropean Chapter of the Association for Computational Linguistics (Volume
2: Short Papers). Edited by Yvette Graham and Matthew Purver. St.
Julian’s, Malta: Association for Computational Linguistics, pages 402-417.

URL: https://aclanthology.org/2024.eacl-short.35

— Orion Weller, Marc Marone, Nathaniel Weir, Dawn Lawrie, Daniel
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Khashabi, and Benjamin Van Durme (2024b). ““According to .
”: Prompting Language Models Improves Quoting from Pre-Training
Data”. Proceedings of the 18th Conference of the Furopean Chapter of
the Association for Computational Linguistics (Volume 1: Long Papers).
Edited by Yvette Graham and Matthew Purver. St. Julian’s, Malta:

Association for Computational Linguistics, pages 2288-2301. URL: https:

//aclanthology.org/2024.eacl-1long. 140

e Guiding LM Generation with Systems of Symbolic Knowledge

— Nathaniel Weir, Jodo Sedoc, and Benjamin Van Durme (2020). “CODS3S:

Diverse Generation with Discrete Semantic Signatures”. Proceedings of the
2020 Conference on Empirical Methods in Natural Language Processing
(EMNLP). edited by Bonnie Webber, Trevor Cohn, Yulan He, and Yang
Liu. Online: Association for Computational Linguistics, pages 5199-5211.
DOI: 10.18653/v1/2020.emnlp-main.421. URL: https://aclanthology.

org/2020.emnlp-main.421

— Jiefu® Ou, Nathaniel Weir*, Anton* Belyy, Felix Yu, and Benjamin Van

Durme (2021). “InFillmore: Frame-Guided Language Generation with
Bidirectional Context”. Proceedings of *SEM 2021: The Tenth Joint
Conference on Lezical and Computational Semantics. Edited by Lun-Wei

Ku, Vivi Nastase, and Ivan Vulié. Online: Association for Computational
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Linguistics, pages 129-142. DOI: 10.18653/v1/2021.starsem-1.12. URL:

https://aclanthology.org/2021.starsem-1.12

— Nathaniel Weir, Xingdi Yuan, Marc-Alexandre Coté, Matthew Hausknecht,
Romain Laroche, Ida Momennejad, Harm Van Seijen, and Benjamin Van
Durme (2023). “One-Shot Learning from a Demonstration with Hierarchical
Latent Language”. Proceedings of the 2023 International Conference on
Autonomous Agents and Multiagent Systems. AAMAS ’23. London, United
Kingdom: International Foundation for Autonomous Agents and Multiagent

Systems, 2388-2390. 1SBN: 9781450394321

e Multimodal Neuro-Symbolic Hypothesis Proving

— Kate Sanders, Nathaniel Weir, and Benjamin Van Durme (2024a).
“TV-TREES: Multimodal Entailment Trees for Neuro-Symbolic Video

Reasoning”. arXiv preprint arXiw:2402.19467
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2.1 Symbolic Reasoning and Expert Systems

2.1.1 Logical Foundations of Reasoning

A massive body of work in applied artificial intelligence has pertained to the
design of systems for logical inference over knowledge bases containing facts and rules
expressed in some flavor of propositional or first-order (predicate) formalism (Russell
and Norvig, 2010). This tradition has origins in Newell and Simon’s Logic
Theorist (Newell and Simon, 1956) and McCarthy’s Advice Taker (McCarthy, 1959),
two systems proposed to apply logical operations to manipulate provided symbolic
axioms and simulate the human capacity to solve complex problems. The Logic
Theorist was applied to prove mathematical theorems in Principia Mathematica
using four methods for symbolic manipulation: substitution, modus ponens, forward
chaining, and backward chaining over a series of very simple logical axioms, e.g.,
proving the statement (p = —p) = —p using axioms such as p = pVq.
McCarthy (1959) took this idea a step further, postulating that because the same
symbolic manipulation-based search could be performed for any vocabulary of symbols,
humans could assign meaning to the symbols in order to solve real-world problems. For
example, by codifying rules of common sense into the same sort of logical representation,
e.g., did(go(z,y,2)) = at(l,y) we can convey to a reasoner what it means to
everyday reasoning tasks such traveling locations. McCarthy’s Advice Taker could

thus hypothetically reason about anything, provided human practitioners tell it the
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right information about the world:
The main advantages we expect the advice taker to have is that its
behavior will be improvable merely by making statements to it, telling
it about its symbolic environment and what is wanted from it. To make
these statements will require little if any knowledge of the program or the
previous knowledge of the advice taker. One will be able to assume that
the advice taker will have available to it a fairly wide class of immediate
logical consequences of anything it is told and its previous knowledge.

This property is expected to have much in common with what makes us
describe certain humans as having common sense.

Kautz (2022) notes that this key philosophical intuition—that common sense
knowledge about location, movement, and many more human-centric systems of
knowledge could all be codified interchangeably with pure logical concepts— has roots in
Aristotle’s Prior Analytics, which reflected the insight that reasoning can be performed
over the syntactic form of statements without having to understand exactly what the
semantics of each statement mean. McCarthy thus proposed artifical theorem proving
as a fundamental inferential framework of general-purpose Al. The essential recipe of
the framework comprises a (1) theory of facts accepted as true and rules for applying
and manipulating facts in order to derive new conclusions, (2) a query to the theory
that might be logically deducible using the facts and rules; the reasoner produces (3)
a sequential proof deducing the query if it exists. Figure 2.1 illustrates an example
McCarthy (1959) provided of a theory and proof for how the advice taker might take

a car to the airport.
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Theory:
Facts:

1. at(I, desk) 5. at(airport,
county)
2. at(desk, home)

6. walkable(home
3. at(car, home) ( ) Query: want(at(I, airport))

Proof:
4. at(home, county) 7. drivable(county)
1. at(I,desk) — can(go(desk,car,walking))
Rules:
2. at(I,car) — can(go(home,airport,driving))
1. at(x,y), at(y,z) — at(x,z)
3. did(go(desk,car,walking)) — at(I,car)
2. walkable(x), at(y,x), at(z,x), at(L,y) —
can(go(y,z,walking)) 4. did(go(home,airport,driving)) —
at(I,airport)
3. drivable(x), at(y,x), at(z,x), at(car,y),
at(I,car) — can(go(y,z,driving)) 5. canachult(at(I,desk), go(desk,car,walking),
at(I,car))
4. did(go(x,y,z)) — at(Ly)
6. canachult(at(I,car), go(home,airport,driving),
5. (x — can(y)), (did(y) — z) — at(Iairport))
canachult(x,y,z)
7. canachult(at(I,desk),

6. canachult(x,y,z), canachult(z,u,v) — prog(go(desk,car,walking),
canachult(x,prog(y,u),v) go(home,airport,driving)) — at(Lairport))
7. x, canachult(x,prog(y,z),w), want(w) — do(y) 8. do(go(desk,car,walking))
(a) Theory: Facts and Rules (b) Query and Proof

Figure 2.1: McCarthy’s Logic for the Advice Taker to Reach the Airport. This
framework reflects the general recipe for symbolic theorem proving: a query is
deductively proved against a theory comprised of facts and inference rules.

2.1.2 Prolog and Backward Chaining

Since the Advice Taker, numerous logic programming paradigms for automated
theorem proving have been established. A popular declarative logic programming
language is Prolog, which I will use in this thesis for logically proving queries against

a knowledge base. Prolog uses an implementation of the backward chaining proving
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algorithm (Hewitt, 1969), in which inference axioms are expressed in the form of
rule/body Horn clauses.! Prolog reflects the principle of production systems (Post,
1943) that “any rule can fire at any time” each Prolog program enumerates a series of
rules that each has the potential to be applied to a query, and the Prolog interpreter
will apply rules in a depth-first search whenever the head (the “then” part) of a rule
unifies with a given goal or subgoal. Barring being instructed otherwise, the interpreter
will try all rules that could possibly apply to a given goal, which can be inefficient in the
case of a large number of rules (a scaling issue addressed by a paradigm like answer set
programming (ASP; Brewka et al. (2011))) but is effectively guaranteed, with sufficient
time budget, to find a proof if one exists in the space of inferences that can be made
from the program. Queries to a Prolog program consisting of facts and rules are unified
against the program’s statements, and an iterative depth-first search is used to find a
set of variable substitutions that will prove the query deductively. As as toy example

(borrowed from Rocktéschel and Riedel (2017)), consider the following knowledge base:

fatherOf(Bart, Homer).
fatherOf (Homer, Abe).
grandfatherOf(X, Y) :- fatherOf(X, Z), fatherOf(Z, Y).

Given a goal query such as ?-grandfatherOf(Bart, Abe), the backward chaining
algorithm first searches for a ground rule with no body, or fact, that can ‘unify,” i.e.,

be set as equal via variable substitution, with the goal term. In the absence of such

'Tt is worth noting that constraining oneself to reasoning over Horn clauses facilitates tractable
inference algorithms but can be expressively limited and at times inefficient compared to other
options. Other forms of logic programming, such as answer set programming, can be less constraining
but are less relevant to the kind of reasoning explored in this thesis.
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a fact, it searches instead for a unifiable-head rule with a populated body, whose
terms become new subgoals to be proved. In the example, grandfatherOf(Bart,
Abe) unifies with grandfatherOf(X, Y), and so, upon substitution, the terms of the
conjunction fatherOf(Bart, Z), fatherO0f(Z, Abe) become new subgoals to be
proved. Unification with facts fatherOf(Bart, Homer) and fatherOf(Homer, Abe)
prove the subgoals, and so the top-level goal is also proved. If there are multiple ways
to prove a goal (e.g. via either father0Of(X, Z), fatherOf(Z, Y) or fatherOf (X,
Z), uncle0f(Z, Y) through a different rule), Prolog will return all possible proofs,
and if there is no way to prove a goal, Prolog will return false. Extensions of Prolog
include ProbLog (De Raedt et al., 2007), which allows for rules to have associated
probabilities that can be used to compute the overall probability of a query being true

across all possible proofs.

2.1.3 Expert Systems

The backward chaining theorem proving paradigm gave rise to an entire industry
of so-called “expert systems” (Welbank, 1983; Metaxiotis et al., 2002) designed to
perform theorem proving in such a way to reflect the decision heuristics of an expert

in a given problem domain. From Welbank (1983):

An expert system is a program which has a wide base of knowledge in a
restricted domain, and uses complex inferential reasoning to perform tasks
which a human expert could do.

So-called ‘knowledge engineers’ work in conjunction with domain experts (generally

20



CHAPTER 2. BACKGROUND

in a difficult, time-consuming multi-pass process (Musen and Lei, 1988)) in order
to curate a sufficient set of inference rules so as to solve reasoning problems in the
target domain. Given the flexible expressiveness of predicate logic, these rules can
be arbitrarily complex or extremely simple, depending on the choice of knowledge
representation and difficulty of the problem. Moreover, declarative logic programming
languages like Prolog and Lisp are well-suited for dynamically revising and extending
the knowledge base of an expert system, as the rules reflect distinct nuggets of
knowledge that can be added and removed at runtime on the basis of performance
analysis or new domain knowledge. From Buchanan and Shortliffe (1984):
The modularity of rules simplifies the task of updating the knowledge base.
Individual rules can be added, deleted, or modified without drastically
affecting the overall performance of the system. And because each rule
is a coherent chunk of knowledge, it is a convenient unit for explanation
purposes. For example, to explain why the system is asking a question
during the consultation, a first approximation is simply to display the rule
currently under consideration.

It is important to distinguish between an expert system and a cognitive model:
while some symbolic systems are designed to reflect theories of how humans represent
and reason over symbols in their heads, expert systems are designed to only make
decisions that reflect the same heuristics as experts but might arrive at them in
drastically different ways. Humans, e.g., likely do not perform goal-directed backward
chaining. From Scott et al. (1977):

A consultative production system need not be a psychological model,

imitating a human’s reasoning process. The important point is that the
System and a human expert use the same (or similar) knowledge about
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the domain to arrive at the same answer to a given problem. The system’s
rules and data base can be viewed as a knowledge base containing the
domain specific knowledge of an expert as well as facts about a particular
problem. When a rule is used, its actions make changes to the data base
which are the system’s decisions or deductions. Thus, a rule can be thought
of as a plece of judgmental knowledge, using the judgment and knowledge
of an expert to make deductions.

2.1.4 Symbolic Reasoners over Natural Language

An open challenge in this area is the bridging between NL text and symbolic
propositional representations of facts— that is, being able to parse facts and
queries stated in freeform natural language text into a machine-tractable knowledge
representation. In our running example, imagine if we have the NL evidence, bart
loves his dad, homer instead of the well-formed propositional fact fatherOf(Bart,
Homer). Handling such linguistic ambiguity facilitates the use of natural language
data for rule-based machine reasoning rather than having to rely wholly upon expert-
curated structured knowledge bases. This is a common challenge faced in many/most
NLP tasks pre-neural networks. A common approach to rule-based reasoning over
NL text is to perform semantic parsing into a logical form (Moldovan et al., 2003;
Blackburn and Bos, 2005; Clark et al., 2014), such as for QA (Green et al., 1961; Zelle
and Mooney, 1996) or entailment (Bos and Markert, 2005). If the translation from NL
to symbolic representation is accurate, one can leverage fast and scalable solutions for
discrete symbolic inference. Examples include theorem provers like Vampire (Riazanov

and Voronkov, 2002a), and work in planning as satisfiability testing (Kautz, Selman,
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et al., 1992; Kautz and Selman, 1999). However, reliably translating broad-domain
NL into an adequately expressive formalism for reasoning is a challenge (Schubert,
2015), as is populating a knowledge base with a sufficient number of inference rules to
flexibly support robust reasoning in a given domain, known as the so-called “knowledge
acquisition bottleneck,” of symbolic which some have argued is an impossible task
to overcome (Sowa, 2006). We thus see a core drawback of McCarthy’s vision of a
general purpose reasoner “improvable merely by making statements to it”: figuring
out all the statements necessary to make quickly becomes intractable for complex
tasks like language understanding. A substantial body of literature has explored
ways to tackle the acquisition bottleneck and provide the common sense reasoner its
common sense (Van Durme, 2009). Some work compiles text corpora into a noisy
and incomplete KB (Niklaus et al., 2018) whose relations, generally corresponding to

syntactic patterns, must be interfaced against directly by the inference engine.

2.1.5 Challenges and the AI Winter

Symbolic expert systems achieve certain success on the basis of knowledge bases
of hand-written axioms encoding lexical relations and logical operations to handle
specific and often fine-grained, domain-specific phenomena. However, they suffer from
two common pitfalls of classical expert systems (Musen and Lei, 1988): the knowledge
acquisition bottleneck, in which knowledge engineers must laboriously encode relevant

domain-specific expertise in a time-intensive and usually multi-phase process, and
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the challenge of brittleness, in which an expert system fails to handle a novel case
type unforeseen by its developers, possibly due to as simple a mistake as a missing
lexical relation in the knowledge base (KB).? The problem of brittleness is notably
more difficult in the context of reasoning over NL text, which is noisy and has high
linguistic variability that lexical axioms struggle to handle comprehensively.

These shortcomings were highlighted in the infamous LightHill report (Lighthill,
1973), which criticized the field of Al for failing to deliver on its promises of general-
purpose reasoning systems. Lighthill (1973) argued that while there was viability in
certain applications of automation in industrial and scientific settings, e.g., for pattern
recognition and signal processing, a large portion of the Al field had focused on an
interpretation of Al as a general-purpose reasoning system that aspired to emulate
human cognitive abilities. In his words: “an automatic device that mimics a certain
range of human functions without seeking in any useful sphere of human activity to
replace human being.” He argued that these sorts of approaches only found success
in very narrow, toy domains in which engineers had successfully abstracted human
heuristics into whatever formalism the system was using. To scale up to more general
reasoning tasks, he argued, would require a level of knowledge engineering that was
infeasible. The report led to a period of reduced funding and interest in Al research,

known as the First Al Winter.

2Schubert et al. (2010) conclude their discussion with a promise to “enhance both EPILOG itself
and its lexical and world knowledge base.”
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2.2 Neuro-Symbolic Reasoning

With the advent of powerful neural networks, particularly contextual sentence
encoders (Devlin et al., 2018; Raffel et al., 2020), the question of handling linguistic
variability is considered quite differently. Neural networks are representationally
agnostic, flexibly encoding anything that can be expressed as a vector (one-hot or
otherwise), thus bypassing the explicit need to settle on a logical formalism such as
first-order logic or its various extensions. Data-driven neural networks and, more
specifically, neural language models offer a compelling solution to the knowledge
acquisition bottleneck that plagued the realistic application of symbolic expert systems.
Instead of knowledge engineering, they rely on the statistical word co-occurrence
patterns contained in increasingly massive swaths of text data to create distributional
representations of meaning stored continuously in a network’s neurons.

Despite their ability to perform extremely highly on many natural language
understanding benchmarks (Wang et al., 2018), these neural representations do not
have easily interpretable meaning. A subfield of the NLP community centered around
the BlackboxNLP workshop?® has introduced various mechanisms for probing what
learned continuous representations of text actually contain and make available for
downstream reasoning (Tenney et al., 2019). The capacity to encode continuous vector

representations of text that are much more robust to noise and ambiguity has led to

3(Proceedings of the Fourth BlackboxNLP Workshop on Analyzing and Interpreting Neural Networks
for NLP 2021)
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recent work replacing or augmenting components of symbolic reasoning with neural
components.

Nevertheless, neural LM-based approaches to machine reasoning over text continue
to face core issues, including a lack of transparency, systematicity, and predictability.
LMs operate by modeling some distribution over sequences of language tokens = € V
for some vocabulary V. The inferences the LM makes are most typically samples
from a conditional P(x; | 1,...,2;-1) (or P(y; | x1,...,24,v1,...,vi—1) for sequence-
to-sequence models that explicitly separate input sequences x from predictions y).
LMs trained for question answering iteratively predict answer tokens conditioned
on question previously predicted answer tokens. LMs trained to follow instructions
will predict response tokens conditioned on instruction tokens. To sample from this
modeled distribution is an inherently noisy, stochastic process,* with far fewer structural
guarantees of correctness than symbolic reasoning. A symbolic reasoner decides which
symbolic predicates are explicitly true given a world model interpretation, an LM
decides which symbolic tokens are likely to appear in a context. Training the LM to
model a distribution of question and answer sequences is not training it to answer
questions: it is training it to guess which answer words are most likely to appear given
a sequence of question words. Bouyamourn (2023) explains how this leads to what is

known as the LLM hallucination problem:

LLMs maximize the conditional probability of the generated strings given
the corpus and the prompt. They do not explicitly learn states of the

4LM providers advertise this as a feature rather than a bug: increase the ‘temperature’ (a
distribution flattening constant) of your decoding and get more interesting outputs!
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world, do not explicitly learn the meanings of words, and do not explicitly
learn the referents of sentences. Each of these types of information is
unobserved. As a result, the conditional distributions learned by LLMs
can be statistically independent of, or invariant to, their semantic content:
that is, of the referents and the truth-conditions of the sentences in the
corpus and prompts. So we may have variation in the truth or falsity of a
state of the world without variation in the solution to a predictive model
that generates the next sentence given a prompt.

Because this semantic information is not contained in the conditional
distribution from which an output string is generated, simulating from
the learned distribution does not preserve this information, even when it
is contained in the corpus. Hence there is no guarantee that LLMs are
faithful to the semantic content of their inputs, either. We can think of
this as the cause of hallucination in LLMs.

Recent work has explored retrieval-augmented generation (Lewis et al., 2020) as a
way to enable LLMs to interact with a non-static representation of the world in the
form of a retrieval index of documents that can changed or added to in the presence
of changing knowledge (e.g., changing the President of the United States Wikipedia
page every 4 or 8 years). However, this does not directly address the discrepancy
between learning to predict over explicit semantic content and learning to memorize
which words appear together to reflect that content.

Marcus (2020), in his prescription for the next decade in Al research, calls for the
reintegration of various components of symbolic manipulation missing from the predict-
words-in-context neural approach, some of which might address the hallucinatory
tendencies of LMs; these include variable binding, logical operations that operate
systematically over symbols independent of experience, and a way to explicitly store

sophisticated inferences instead of memorizing them:
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Instead of memorizing everything, or interpolating between near neighbors
that you might have previously encountered, you draw inferences. Instead
of memorizing the fact that Plato and Aristotle and Euripides and each of
the other billions of other individuals preceding us were all mortal, you
learn general truth, that all humans are mortal, and apply that general
truth to specific instances of that category, as needed.

The discrepancies between classical ‘symbol-manipulation’ and data-driven neural
reasoning are a well-trodden yet ongoing subject of debate (Bengio et al., 2019; Marcus,
2020) within both NLP (Hamilton et al., 2022) and other subfields of AI (Renkhoff
et al., 2024). Symbolic reasoning is logically sound, domain theory-driven, and nicely
facilitates desirable reasoning qualities such as compositionality, symbol grounding,
and modus ponens, but suffers from brittleness and extensibility issues. Conversely,
neural language models show profound interpolative abilities, picking up on ‘vast
correlative databases’ (Marcus, 2020) to perform well on benchmarks, but they lack
systematicity, interpretability, and a working notion of grounded world semantics.

Many in Al have pursued ways to combine the strengths of both paradigms to
address the issues inherent to each: symbolic operations for systematic, grounded,
and interpretable reasoning and neural networks for flexibility and robustness to
noise. The form that this neuro-symbolic integration can take varies drastically across
NLP and other subfields of Al. Below I will review some categories of approaches to
reasoning over language that incorporate both symbolic and neural components, using

the typology of neuro-symbolic systems described by Kautz (2022).

28



CHAPTER 2. BACKGROUND

2.2.1 Categories of Neuro-Symbolic Reasoning

In his 2020 AAAT keynote address, Kautz (2022) listed a series of categories of
ways that symbolic and neural components can interact to create neuro-symbolic
systems. Many have noted that these categories, while granular, have somewhat loose
boundaries, and it can be difficult to perfectly sort existing methods into their proper
buckets. I will describe each and provide recent examples from NLP or other language-

centric Al research. Sections are titled with <my descriptor> then (<Kautz’s>).

2.2.1.1 End-to-End Neural (symbolic Neuro symbolic)

This category captures a majority (as Kautz calls it, the “standard operating
procedure”) of current approaches to applying language models to reasoning tasks:
applying them directly end-to-end to the task of interest without any explicit symbolic
reasoning component. Most benchmarking in the technical reports of industry-scale
LLMs takes this form: hand-annotating a few examples of a task, then applying
GPT (Ouyang et al., 2022), Llama (Dubey et al., 2024), Gemini (Gemini Team et al.,
2024), or some other LLM to the task, and reporting the results under the assumption
that the model is performing the requisite reasoning implicitly. Many have observed
that this approach is fallible to dataset leakage: as LLMs are trained on massive
amounts of data scraped from the web, they often are able to perform well on tasks by
simply memorizing the answers to the questions in the training set (Deng et al., 2024).

In the 2019-2021 era of research, typical end-to-end paradigms entailed finetuning
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the NLM on datasets of task examples that purport to exhibit the result of such
reasoning types; it makes the assumption that simply by training language models on
textual co-occurrences in the right datasets, we can implicitly “teach them to reason”
in a specific style (Bhagavatula et al., 2019; Rudinger et al., 2020; Rajagopal et al.,
2021; Betz et al., 2021). For example, Bhagavatula et al. (2019) consider the task
of abductive language generation, in which neural models are tasked with generating
an intermediary narrative statement that ‘explains’ a pair of temporarily ordered
‘observation’ statements; Rudinger et al. (2020) ask whether models can generate
statements that will either strengthen or weaken entailment relations between premises
and hypotheses. In both cases, datasets of the desired situational reasoning behaviors
are collected, and pre-trained language models are fine-tuned to generate the target
statements. Later generations of LM, which can be prompted using a small set of
exemplars or zero-shot instructions, can emulate similar types of reasoning without
being fine-tuned. This is part of a broader finding that LMs, at a certain size and
trained on enough data, can be prompted to generate chains of quasi-systematic
reasoning (Nye et al., 2022; Wei et al., 2022).

In tasks such as those in Bhagavatula et al. (2019) and Rudinger et al. (2020)
where LMs must generate novel text that reflects their reasoning processes, researchers
faced challenges as to how to properly sample such text from the model. Prior to
advances in instruction tuning that facilitated easy prompting for the kinds of reasoning

steps desired, researchers often relied on beam search or nucleus sampling (Holtzman

30



CHAPTER 2. BACKGROUND

et al., 2019) to generate text, which often resulted in nonsensical or contradictory
text (Rudinger et al., 2020). Aligning the process of LM sequence decoding with the
needs of specialized, logically oriented forms of reasoning was highly difficult. In later
generations, avoiding hallucinatory generations continues to be a challenge even with

the strongest models (Ji et al., 2022).

2.2.1.2 Neural-to-Symbolic Cascade (Neuro|Symbolic)

This category uses neural models to convert a problem’s non-symbolic inputs into
symbolic ones, over which a symbolic solver can then operate. Works that use neural
information extraction (IE) models to extract symbolic facts from text documents and
save them in a knowledge base for downstream symbolic solvers (Zhou et al., 2022)
fall under this category.

More recent work has found success using LLMs to address the semantic parsing
of entire problem statements into symbolic analogues (Wong et al., 2023; Lyu et al.,
2023; Olausson et al., 2023; Pan et al., 2023; Ye et al., 2023; Gao et al., 2023). Given,
e.g. a math word problem, these approaches prompt an LLM to generate a series of
symbolic facts and constraints to be fed to a solver (commonly Z3), thus purportedly
relying upon the symbolic engine to do the actual “reasoning” and using the LLM only
to transduce the NL input into a tractable formalism (in actuality, the LLM will often
perform substantial reasoning to arrive at the symbolic representation, e.g., performing

steps of the math problem implicitly). This paradigm can suffer from imperfect or
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malformed generations by the LLM, though recent approaches have explored ways to
generate the programs with more formal verification guarantees of executability (Ryu
et al., 2024; Thatikonda et al., 2024).

In general, these approaches have been applied to benchmarks that are either simple
math word problems (Cobbe et al., 2021) or are specifically catered toward the kinds of
logical operations most amenable to simple first-order-logic problems (Han et al., 2022).

A more complicated approach than directly parsing into symbols is one in which
such vectors are treated as continuous symbols in place of discrete predicate and
argument symbols (Weber et al., 2019; Minervini et al., 2020). These so-called Neural
Theorem Provers (NTPs) are a form of inductive logic programming (ILP; Muggleton
(1991)) that learns inference rules from observed data.” Given a task dataset (e.g.,
open-domain multi-hop question-answering) and an inventory of rule templates, NTPs
implicitly learn to encode meaning into each template symbol’s embedding.

Backward chaining with NTPs on the surface looks very similar to that of regular
Prolog theorem proving, with the added challenge that term symbols to be checked
for equality during unification are potentially continuous. This necessitates the
notion of a weak unification operator, which computes (via cosine similarity) a scalar
value estimating the similarity of two continuous symbols. Weak unification scores
between two terms result from some monotonic aggregation function over the weak

unification scores of their analogous symbols; scores of entire goal proofs are aggregated

®See Yang and Deng (2021) for another recent approach to ILP over natural language data without
using neural pattern recognition.
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similarly over all their unification steps. In our running example, an NTP (specifically,
NLProlog (Weber et al., 2019)) would operate over a triplet-ified surface pattern
with entities extracted via an off-the-shelf resource such as spaCy: <X loves his
dad, Y>(<bart>, <homer>). Weak unification against the subgoal fatherOf(Bart,
Z) would compute the embeddings of and aggregate the similarities over the pairs

(<X loves his dad, Y>, fatherOf), (<bart>,Bart), (<homer>,Z).

2.2.1.3 Symbolic with Neural Subroutines (Symbolic[Neuro])

This category refers to predominantly symbolic reasoners that use a neural
component to make certain internal decisions. The colloquial example is
AlphaGo (Silver et al., 2016), which follows a symbolic Monte Carlo tree search
algorithm operating in a symbolic problem space that uses neural state estimators
to inform decision-making. More broadly, there is substantial literature on using
neural models to guide or constrain the search space of the symbolic algorithm. Li
et al. (2024) give an overview of how LMs and other neural approaches have been
used in formal theorem proving, e.g., for premise selection, proofstep generation, and
heuristics to guide symbolic proof search. Some use LMs to generate proof steps in
mathematical theorem proving (Polu and Sutskever, 2020; Welleck et al., 2022).

In NLP, this category covers methods that use LMs and other neural methods
to interface dynamically with text (as opposed to after-the-fact, as in the previous

category), which is either user-provided or LM-memorized. Some have treated LMs as
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“embedded knowledge bases” that can be dynamically queried to instantiate predicates
for a symbolic algorithm (Petroni et al., 2019). Bosselut et al. (2019) introduce a model
called COMET (COMmonsEnse Transformers) trained to instantiate a predefined
set of predicates linking together a provided NL text span with generated one (e.g.
causeOf(“the glass broke”, 7) — “the glass was dropped”). Various works have used
COMET as a subroutine within broader, more-or-less symbolic frameworks, including
CLUE (Arabshahi et al., 2021a) (an extension of the NTP, CORGI (Arabshahi et al.,
2021b)) for conversational inference, COMET-DynaGen (Bosselut et al., 2021) for
commonsense question answering, and CAST (Peng et al., 2022). In a more symbolic
search-inspired direction, the Braid system Kalyanpur et al. (2021) also proposes an
application of embedded KBs to the story understanding domain; they augment a
hand-curated rule-base of axioms with a dynamic predicate-generating T5-GLUCOSE
model (Mostafazadeh et al., 2020), creating a Prolog-style backward chaining theorem
prover. Their engine performs inferences mainly using a FOL-based semantic formalism,
bridging between NL and the logical representation using a semantic parser while
converting in the other direction using rule-based language generation. With the
exception of Braid,® most of these approaches generally do not address the challenge
of stochastic sampling from LMs causing noisy inference— much of the time, the final
decision by the system is based on an aggregated confidence metric (inference chain X

was assigned more likelihood than Y by the LM) rather than grounding a response in

6Kalyanpur et al. (2021) do not evaluate their system, so it is unclear whether it works at all.
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a directed inference chain grounded to knowledge statements as symbolic reasoners
do. The systems that I introduce in Chapter 3 and Chapter 5 will be Symbolic[Neuro]
systems that attempt to address this challenge. Other algorithms that use LMs to
systematically construct entailment trees from evidential statements as discussed in
Section 2.3 also fall in this category.

Another class of architecture using neural subroutines is neural module networks
(NMNs; Andreas et al. 2016), where different neural models are chained together
dynamically to solve tasks with nonsymbolic inputs. Gupta et al. (2020a) propose
a textual QA-oriented NMN for solving tasks requiring text span extraction and
comparative and numerical operations (theirs is also a cascading neuro-symbolic
system, as its first step is to parse a question into a logical form that invokes the neural
modules). Khot et al. (2021) introduce another NMN that decomposes questions
into simpler ones answerable by existing models. As LMs have advanced to prompt-
based reasoning methods, newer NMN-like frameworks often involve systematically
delegating different problem-solving steps to differently-prompted versions of the same
model (Khot et al., 2023).

Also in this class of neuro-symbolic reasoning are more recent systematic algorithms
resembling symbolic methods wrapped around so-called chain-of-thought reasoning.
In these algorithms, the atoms around which the symbolic methods operate are often
either NL statements or entire NL reasoning chains. These methods include self-

consistency (Wang et al., 2023) (majority voting of answers from multiple chain-of-
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thought samples), Tree of Thoughts (Yao et al., 2023a) (a self-pruned BFS across
possible chain-of-thought inference steps), and self-evaluation guided beam search (Xie

et al., 2023).

2.2.1.4 Neural with Symbolic Subroutines (Symbolic[Neuro])

The inverse of the previous category refers to predominantly neural approaches
that invoke symbolic mechanisms dynamically as subroutines and feed the inputs back
to the neural reasoner. A popular example is “tool use,” whereby LMs are enabled to
dynamically invoke external tools like calculators or APIs to solve complex tasks (Qu
et al., 2024); the workflow alternates between the LM planning, selecting, or calling
tools, and the tools executing and returning information to the LM for future steps.
Iteratively prompting a retrieval index and generating new inferences from the LLM
constitutes another version of tool use under this category (Trivedi et al., 2023).
Poesia et al. (2024) leverage a tool-invoking-like mechanism to improve the deductive
validity of LM reasoning through logically constraining “guides,” yielding a reasoner
that can interchangeably reason with NL and FOL. Another popular framework is
ReAct prompting (Yao et al., 2023b), which involves neural models interleaving verbal
reasoning and planning steps with execution actions, thus dynamically adapting to
additional information and feedback from an external symbolic environment. ReAct
style prompting generally relies upon handcrafted exemplars in a domain to convey

task-specific details to the model, though more domain-general approaches with less
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manual overhead are an open area of research.

2.2.1.5 Symbolic Compiled into Neural (Neuro: Symbolic —

Neuro)

This category refers to approaches that use neural models to “compile away”

symbolic structure and/or emulate symbolic behavior. The canonical example is
Lample and Charton (2020), who trained a neural network to compute function
integrals and solve complex differential equations.

One subclass of work falling in this category is work that explores whether LMs
trained on symbolic or logically infused data can reason logically or perform better on
logical reasoning benchmarks (Kassner et al., 2020; Betz et al., 2021; Traylor et al.,
2021; Saeed et al., 2021; Rozen et al., 2021).

Other recent work explores methods of handling NL-like versions of fact/rule
theories (i.e., small symbolic reasoning problems cast into NL) without parsing them
to another formalism. These commonly evaluate against the RuleTaker dataset
introduced by Clark et al. (2021) (also referred to as the ProofWriter dataset). Some
work explores using LMs to emulate stepwise (Tafjord et al., 2021; Saha et al., 2020;
Kazemi et al., 2023) or end-to-end (Clark et al., 2021; Picco et al., 2021) logical
reasoning over small rule bases. These approaches require both user-provided if/then
rules to operate, while the approaches considered in Chapter 3 and Chapter 5 require

only facts and thus apply to domains in which rules are not available.
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2.2.1.6 Structurally Symbolic Neural (Neurosympolic)

In this category, various approaches use symbolic logic as templates for structures
with the architecture of the neural network performing the reasoning, thereby often
imposing constraints on the network’s behavior. An example of this is Tensor Product
Representations (TPRs; Smolensky et al. 2016), which use an alternative to typical
neural network neurons based on the tensor product operation that explicitly model
variable relations, objects, and bindings. Other architectures include Logic Tensor
Networks (Badreddine et al., 2020), which integrate first-order-logic predicates in
continuous tensor space using fuzzy logic semantics, Neural Tensor Networks (Socher
et al., 2013), which learn vector representations for entries and relations in a KB, and
Semantic Probabilistic Layers (Ahmed et al., 2022), which can replace standard neural
output layers but enforce logical constraints on the output space.

These sorts of solutions have been applied relatively sparingly to NLP tasks, given
their difficulty in implementation (partly due to a lack of widespread adoption in
standard modeling packages), high computational complexity, and limited empirical

success on complex problems.

2.2.1.7 Categorizing This Thesis

Where does the work in this thesis fit into the broader space of neuro-symbolic
research for reasoning over text? Chapter 3 and Chapter 5 describe reasoning

algorithms coded in Prolog, a symbolic reasoning language that implements a typical
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backward-chaining symbolic search. Yet, the symbols over which the algorithms reason
are all NL sentences: they introduce new “words” into the Prolog engine’s vocabulary
at each step using language models and neural retrieval modules. As the control system
or orchestrator of the algorithm is symbolic, I put NELLIE and TREEWISE in the
Symbolic[Neural| category. It also incorporates elements of the Neuro: Symbolic —
Neuro category, as the neural components are used to “compile away” the (soft) logical
relationship between the input knowledge and entailed hypothesis symbols. The work
in Chapter 6 is also Symbolic|Neuro|, as it extracts knowledge statements from an
LLM as an “embedded knowledge base” and feeds the statements to a Symbolic|Neuro|

reasoner for inference.

2.3 Entailment

The task of recognizing textual entailment (RTE), commonly referred to
interchangeably as natural language inference (NLI), refers to the problem of
determining whether a natural language hypothesis statement A can be reasonably
inferred given a natural language premise p.

The notion is drawn from formal linguistics, with an important distinction
pertaining to definitional rigor. In formal semantics, ‘entailment,’ referred to as “the
basic aim of semantics” by Montague et al. (1970), is a technical term strictly defined

with respect to world models: “sentence [p| entails sentence [h] if in all models in
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which the interpretation of [p] is true, also the interpretation of [h] is true.” (Janssen
and Zimmermann, 2021). In other words, h must necessarily be true in every possible
situation in which p is true. This definition is naturally predicated upon well-formed
notions of “model” and “interpretation,” which are available in the symbolic languages
typically considered in formal semantics but not in natural language processing
applications. This strict definition is thus often too rigid for practical NLP tasks, for
which it is often impossible and/or impractical to determine exact entailment.

In contrast, NLP practitioners take a much looser, human-centric approach to

defining textual, as opposed to formal entailment. As stated by Dagan et al. (2005):

We say that T entails H if the meaning of H can be inferred from
the meaning of T, as would typically be interpreted by people. This
somewhat informal definition is based on (and assumes) common human
understanding of language as well as common background knowledge

Manning (2006) further specifies that ‘people’ in this definition should refer
to “people that are awake, careful, moderately intelligent and informed, and with
reasonable document interpretation expertise |...|. These people would use whatever
background and real-world knowledge that they usually bring to interpreting texts.”

This definition of textual entailment also necessarily introduces a degree of
acceptable uncertainty. For example, a person reading the following pair would
generally agree that it constitutes entailment:

(P) Penny is walking in Baltimore

(H) Penny is walking in Maryland
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Under strict logical entailment, there exists extremely unlikely situations in which
(P) holds but (H) does not; for example, “Baltimore” might refer to Baltimore, Ohio
instead of Baltimore, Maryland. Yet, readers with a typical level of world knowledge
would eschew this interpretation as sufficiently unlikely that it would be impractical
to not accept (H) as true. For this distinction, many practitioners prefer the terms
“NLI” or “textual inference” to “textual entailment,” though this thesis will not treat
them particularly differently.”

The focus on what humans know and will accept on incomplete evidence arguably
reflects a common intuition that many popular NLP user-facing end tasks such as
translation, summarization, question answering, and semantic search are all predicated
upon, or at least benefit from (see §2.3.2), the ability to perform RTE (MacCartney,
2009). Dagan et al. (2005), in introducing the seminal PASCAL RTE challenge,
described it as an “attempt to promote an abstract generic task that captures major
semantic inference needs across applications.” As many such use cases ‘need’ to
emulate and/or agree with human reasoning processes, it was pertinent to define
entailment in such a way to be grounded in empirical judgment (human labels, i.e.,
an ultimately “know it when I see it” mentality). The implication of this is that
NLP researchers avoid committing to definitions of entailment whenever possible, and

entailment is quantified through collecting judgments from human annotators using

I will note that for my purposes building systems to determining complex entailments through
both generating and discerning valid sub-entailments, RTE best fits the classification task in which
a premise and hypothesis to an agent for labeling, while NLI better fits the generative scenario in
which an agent seeks to produce the premises that would support a provided hypothesis.

41


https://en.wikipedia.org/wiki/Baltimore,_Ohio

CHAPTER 2. BACKGROUND

a variety of more-or-less vague instructions rather than formal, abstract theory. As
humans do not think as stringently as logical axioms (Sulik et al., 2021; Tan, 2022),
they, and accordingly, NLP conceptualizations of entailment, tend to allow “almost
certain” inferences as opposed to “absolutely guaranteed,” and to allow for certain

kinds of common knowledge to be left out of premises. From Manning (2006):

One way of thinking about whether an hypothesis follows from a text is: if
a person asked you for a piece of text that establishes a certain hypothesis,
then would showing them the given text satisfy the person. From an
operational perspective, this seems just what we want. For instance,
think of applications like passage retrieval, question answering, or event
extraction. It is not useful to provide any document at all as a justification
for something that we know to be true from a database table or knowledge
base. On the other hand, it is very reasonable to return the following text
in support of the given hypothesis, even though its sufficiency is dependent
on knowledge that Paris is in France:

Text: The Mona Lisa, painted by Leonardo da Vinci from 1503-1506, hangs
in Paris’ Louvre Museum.

Hypothesis: The Mona Lisa is in France. FOLLOWS. (RTE1 ID: 153)

See Clark et al. (2007) for a characterization of the types of lexical, world and
background knowledge that the PASCAL challenge assumed for full justification of
the entailments.

NLP research has embraced the probabilistic factor as a necessary consideration
for many kinds of textual entailment problems of interest to the community, e.g., in
common-sense situational reasoning. Works such as Zhang et al. (2017) and Chen
et al. (2020) treat entailment as having ordinal and scalar certainty, respectively, as
opposed to a binary yes/no or ternary entailment/contradiction /neither nature.

Yet, with the community’s acceptance of implicit knowledge and uncertainty comes
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the cost of a lack of a shared, codified protocol for determining validity across the many
domains for which textual entailment has been considered. Pavlick (2017) notes that
“|blecause the NLP notion of entailment is intentionally informal and underspecified,
it leaves ample room for variation across datasets as what constitutes “common
human understanding of language” and “common background knowledge.”” Such
underspecification can also lead to natural inherent disagreements between annotators
when labeling the same NLI pairs, as observed by Pavlick and Kwiatkowski (2019)
and Chen et al. (2020). This thesis will not attempt to solve this problem but rather
acknowledge its influence on our design of entailment elicitation protocols in Chapter 4,
taking into careful consideration the audience of the reasoning traces produced by
entailment-based reasoners and the extent to which these traces rely upon common

versus esoteric knowledge.

2.3.1 Entailment as a Medium for Intrinsic

Evaluation

Unlike in the chapters that follow, entailment on its own has rarely been considered
by NLP practitioners to be an end task.® Instead, it has often served as a common
medium for evaluating models for various purposes, many of which fall into 4 (non-

exclusive and noncomprehensive) buckets:

8In the words of my advisor: “Who cares about entailment as long as my pizza arrives on time?”
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2.3.1.1 Probing for whether models can handle specific
semantic or linguistic phenomena

The FraCaS Test Suite (Cooper et al., 1996), carefully hand-annotated by linguists
to evaluate models on categories such as quantification and negation, introduced the
concept of using entailment to diagnose model shortcomings on specific classes of
linguistic phenomena. Datasets such as SICK (Marelli et al., 2014), DNC (Poliak et al.,
2018), and numerous others have followed suit (White et al., 2017; Richardson et al.,
2020; Hossain et al., 2020). A similar line of work has identified common patterns and
heuristics that trip up models through systematically designed challenge sets (McCoy

et al., 2019; Naik et al., 2018).

2.3.1.2 Probing for certain tasks and reasoning paradigms

Dagan et al. (2005) made the observation (later followed by White et al. (2017)
and Poliak et al. (2020)) that many real-world NLP tasks could be recast into
entailment examples. They released a series of 8 shared RTE tasks based on other
tasks such as reading comprehension, information extraction, and paraphrasing (this
push of recasting was later followed by White et al. (2017) and Poliak et al. (2020)
using semantic resources). Wang et al. (2018) similarly recast the SQUAD QA
dataset (Rajpurkar et al., 2016) and Winograd Schema Challenge (Levesque et al.,

2012) into NLI.
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While most of the above tasks imposed a general notion of deductive validity, other
work has considered more specialized versions of NLI, particularly in the context of
situational commonsense reasoning. Bhagavatula et al. (2019) recast the ROCStories
story cloze dataset (Mostafazadeh et al., 2016) into a nominally ‘abductive NLI’
(aNLI) scenario in which models must predict which of two events is more likely to
have occurred between a pair of other events. Rudinger et al. (2020) augmented a
series of datasets including SNLI (Bowman et al., 2015) into a ‘defeasible NLI’ (§NLI)
task in which models must determine whether an auxiliary ‘update’ statement would
strengthen or weaken a given entailment. Both aNLI and )NLI introduced a generative
variant of their classification tasks, though neither generative evaluation was tied to
an end task. As mentioned above, Zhang et al. (2017) and Chen et al. (2020) both
collected re-annotations of NLI datasets using ordinal and scalar values, thus explicitly

modeling the level of certainty that a given hypothesis would occur given the premise.

2.3.1.3 Entailment against complex or heterogeneous kinds of
premises

While early NLI tasks generally consider 1-sentence or short-passage premises,
numerous works have reconsidered the forms and sources of the premises, e.g. semi-
structured tables (Gupta et al., 2020b), non-English languages (Conneau et al., 2018),
Wikipedia snippets (Clark et al., 2019), and entire naturally occurring documents (Yin

et al., 2021).
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Of particular relevance to this thesis is compositional, multi-premise datasets such
as MPE (Lai et al., 2017), QASC (Khot et al., 2020), eQASC (Jhamtani and Clark,
2020), and BaRDa (Clark et al., 2023) that ask whether a hypothesis follows from an
unordered conjunction of two or more statements. All but MPE were created with an
end task in mind (multiple-choice ScienceQA); the premise sets are meant to provide
valid justifications for correct answers. However, these datasets allowed substantial
freedom to crowdsourced annotators to choose what constitutes entailment. MPE,
which is based on simple photo captions as premises, specified that entailment meant
“whether or not the scene described by the four captions can also be described by
the proposed |hypothesis|.” QASC/eQASC specified that “ the two facts combine or
“chain” together to explain an answer in a sensible way. Or, in some cases, just one of
the facts is sufficient to justify the answer. ” (Jhamtani and Clark, 2020). In Chapter 4
we will discuss the implications of underspecified instructions for annotating multi-
premise decompositions of this sort, as these datasets show to yield weak models for
determining entailment validity in practice (specifically, in the context of entailment

engine proof search).

2.3.1.4 Entailment for the sake of entailment (leaderboards)

While in the above three categories, entailment has been used as a means towards
evaluating specific types of reasoning and phenomena, other datasets have been

constructed mainly as a means for models to get better at entailment more generally.
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SNLI (Bowman et al., 2015), MNLI (Williams et al., 2018), and ANLI (Nie et al., 2020)
were each created primarily for this purpose. As Poliak (2020) describes, researchers
focused on these tasks and their very popular leaderboards primarily as a means for
competition on a dataset and less as a way to consider the implications of successfully

using entailment to evaluate how well models actually perform at real tasks.

2.3.2 Using Entailment for Downstream Tasks

In contrast to the above works, the entailment engines we will consider in this thesis
will treat RTE as a mechanism for improving systematic and interpretable reasoning.
[ am not the first to argue that RTE can serve an explicit role in improving reasoning
systems, various NLP researchers have advocated for the effectiveness of RTE models
in improving the performance of systems on various downstream tasks such as question
answering, relation extraction, machine translation, and summarization (Bentivogli
et al., 2017).

Clark et al. (2012) presented a mechanism for QA over single documents via
estimating entailment between source and answer sentences. Trivedi et al. (2019)
used pre-trained neural NLI models as a mechanism for selecting relevant premises for
multi-hop question answering. Other works have found success using NLI as decision
verifiers on top of existing systems. Harabagiu and Hickl (2006) explored different
ways to incorporate RTE systems to filter or rank answers by an open-domain QA

system that used retrieval and mid-2000s NLP techniques. This idea was echoed over
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a decade later by Chen et al. (2021), who recast question/answer predictions into NLI
pairs using QA2D declarativization (Demszky et al., 2018) to verify that answers are
sufficiently supported by context passages.

Many researchers in the late 2010s found that NLI is a useful tool for bootstrapping
models trained for another task, showing that neural models pre-trained on corpora
that contained large NLI datasets like SNLI and MNLI yield stronger finetuned models
on other downstream tasks (Phang et al., 2018; Wang et al., 2019). They found
moderate success in such multitask and transfer learning scenarios (Guo et al., 2018a;
Guo et al., 2018b), though it is unclear whether NLI data still has such an influence

on later generations of models like GPT-3, GPT-4, and Llama.

2.3.3 Models for Entailment

The most popular current approach for modeling entailment is the neural entailment
classifier: a pretrained encoder (Devlin et al., 2019) or encoder-decoder (Raffel et al.,
2020) model fine-tuned on one or multiple NLI datasets. More specifically, practitioners
use a semi-supervised language modeling and/or denoising objective to pre-train these
models on very large text corpora. They then fine-tune the model on NLI datasets.
In the encoder-decoder case, NLI is modeled as a text-to-text task, mapping the
concatenation of the premise and hypothesis to a positive or negative label word (e.g.,
the word “entailment,” “neutral,” or “contradiction”). In the encoder case, practitioners

add a “classifier head” that is trained to accept the contextual encoding of an input
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sequence by the pre-trained encoder and predict a probability distribution over a
provided set of labels. This approach is often called a “cross-encoder” model because
by accepting the concatenation of the two sequences, the encoder implicitly models
interactions between terms and phrases. I will make use of cross-encoder NLI models
frequently in Chapter 3 and Chapter 4.

Prior to the 2015 neural network revolution, systems for RTE took very different
approaches to modeling the problem. As with many NLP tasks, a common framework
was to parse the NL premise and hypothesis into a logical formalism using a
semantic parser and then apply logical deduction algorithms to check for entailment.
Nutcracker (Bos, 2014) is a representative example of this, using the Boxer system
for semantic parsing (Bos, 2015) and the Vampire (Riazanov and Voronkov, 2002a)
system for deduction. Nutcracker followed common precedent by using the lexical
relations stored in WordNet (Fellbaum, 2010), as well as a small set of hand-crafted
axioms derived from NLI development sets. The Epilog system (Schubert et al.,
2010) epitomizes a heavier application of hand-crafted axioms to perform NLI and
a wide array of common sense inferences. Notably, Bos and Markert (2005) found
that their Nutcracker system was ultimately not any stronger than a less robustly
defined approach that relies only on shallow semantic analysis (e.g. string similarity)
rather than deep analysis via Boxer. Later systems embraced the shortcomings of
purely logical inference-based approaches by blending the proof-based approach with

shallower statistical methods (Lewis and Steedman, 2013). Others considered ways to
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overcome the bottleneck of annotating entailment rules by automatically constructing

them (Berant et al., 2011).

2.3.4 Entailment Trees

An important recent development toward a more direct application of textual
entailment for downstream tasks and general reasoning is the introduction of entailment
tree-based reasoners (Dalvi et al., 2021). Entailment trees are multi-level directed
graphs (not technically trees because children can have more than one parent) of
natural language statement nodes that show how a hypothesis is compositionally
entailed by child premises.

Dalvi et al. (2021) introduced EntailmentBank, the first dataset of entailment trees.
It was presented as an explanation dataset for science question answering, building
upon a long effort by Peter Clark and collaborators to gather and reason systematically
over the kinds of knowledge required to achieve strong performance on grade school
science tests (Clark et al., 2020). Each tree in the dataset is rooted at a hypothesis that
represents the correct answer to a question from the AI2 Reasoning Challenge (Clark et
al., 2018) and represents one way to decompose the hypothesis into simpler statements
that combine to support accepting the hypothesis as the correct answer. The tasks
associated with the released dataset are generative rather than discriminative, focusing
on evaluating models’ abilities to generate a good argument supporting the correct

conclusion. While in typical RTE, the task is to answer whether a hypothesis follows
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from a premise, EntailmentBank asks models to answer why the hypothesis follows
in a granular and structured fashion. This spirit is echoed in the later STREET
benchmark (Ribeiro et al., 2023). In this way, EntailmentBank is the first dataset for
multi-hop, task-oriented, generative entailment, and also one of the first datasets to
propose entailment as a means for creating logically sound, directed, and grounded
explanations stated primarily in natural language. This was a significant contribution
to the growing discourse around developing explanation generation methods and, more
broadly, explainable Al systems that leverage powerful but inherently black box neural
models (Wiegreffe and Marasovic, 2021; Tan, 2022; Lyu et al., 2024).

EntailmentBank has served as a training resource for approaches to tree
generation that build upon the baselines introduced in their paper. These include
SCSearch (Bostrom et al., 2022), IRGR (Ribeiro et al., 2022), METGEN (Hong et
al., 2022), and NLProofS Yang et al. (2022). It also serves as the basis for training
Entailer (Tafjord et al., 2022) and TeachMe (Dalvi Mishra et al., 2022), two QA
systems that operate by decomposing hypotheses into entailing conjunctions of premises
believed by the model and/or gathered during offline training.

EntailmentBank provided ample research questions surrounding the novel notion
of entailment trees in the age of deep learning. The dataset also did not directly
address question answering itself— the evaluation was focused on reconstructing trees
for only correct answers and not on whether models could simultaneously generate

high-quality trees and answer multiple-choice questions correctly. In other words,
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EntailmentBank poses to models the following scenario:

Here is a hypothesis and a corpus of text. We know that the corpus entails
the hypothesis. Your task is to show how.

What is a different, and perhaps harder, but more realistic scenario, is as follows:

Here are n conflicting hypotheses and a corpus of text. We don’t know
whether the corpus entails one or any of them. Your task is to figure out
which one(s) is entailed, and to show how.

I will consider this different entail question across Chapter 3° and Chapter 5.

The dataset also did not directly address the question of explanatory completeness
or the sufficiency of entailments contained within each tree (“Our focus here is on
generating the derivation (line of reasoning) showing how the evidence leads to the
answer, rather than the pragmatics of deciding which parts of that to then show the
user. 7 (Dalvi et al., 2021)), thus following the community’s aforementioned precedent
of defining entailment vis-a-vis the individual heuristics of annotators. I will consider

this open challenge in Chapter 4.

9Chapter 3 will consider evaluations where we know that the corpus at least supports, if not
entails, the correct hypothesis. When we expand the evaluation to include Wikipedia as a corpus in
Chapter 5, we will no longer have any guarantee.
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Chapter 3

NELLIE: A Neuro-Symbolic Entailment
Engine for Grounded, Compositional,

and Explainable Reasoning
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CHAPTER 3. NELLIE: A NEURO-SYMBOLIC ENTAILMENT ENGINE

3.1 Motivation and Overview

Large language models (LLMs) are impressive at question-answering (QA), but it
remains challenging to understand how answers systematically follow from authoritative
information. This general opacity is a growing impediment to widespread use of
LLMs, e.g., in critical applications such as medicine, law, and hiring decisions, where
interpretability and trust are paramount. While there has been rapid progress in having
LLMs generate systematic explanations for their answers, e.g., Chain-of-Thought (Wei
et al., 2022), Entailer (Tafjord et al., 2022), or Maieutic Prompting (Jung et al., 2022),
such explanations are not grounded in external facts and may include hallucinations (Ji
et al., 2022). Rather, what would be desirable - and what this chapter pursues - is a
system that systematically reasons over authoritative text to support answers with
human interpretable proof trees grounded in the text while not requiring translation
to an entirely symbolic formalism.

Our approach is to revisit the behavior of ezpert systems (Jackson, 1986; Metaxiotis
et al., 2002). As described in Section 2.1, expert systems are appealing for their
explainable behavior: decisions are made by constructing a well-formed symbolic proof
from explicit, formally represented knowledge authored by a knowledge engineer in
consultation with a domain expert. However, as expert systems are known to be both
expensive and brittle (Musen and Lei, 1988), the Al community has turned to neuro-
symbolic mechanisms that use large language models to reason over natural language

(NL). Reasoning over NL does not require a symbolic formalism and allows the use
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Neuro-Symbolic Entailment-Based
Symbolic Theorem Proving Theorem Proving

[?— conductElectricity (nails)] [ ?- nails conduct electricity ] prove (H) : -

(H,X),

3 | conductElectricity (x) : -

metal (x) . generate (H,X,Y),
?- metal (nails) ?- metal is an 2- nails are verify(H,X,Y),
electrical conductor made of metal % NLI
prove (Y) .
metal (x) : -
madeOf (x, y), metal(y). metal conducts
electricity
[ ?- madeOf (nails, _G1) ] ?- metal (_G1) ] T [ ?- nails are made of iron] [ ?- iron is a kind of metal]
madeOf (nails, iron) metal (iron) nails are made of iron iron is a type of metal
Logical A A NL
Theory Theory T T
Figure 3.1: Symbolic reasoners (left) prove a hypothesis using a search over and

expressed in a symbolic logical formalism. This chapter (and this thesis more
broadly) explores a neuro-symbolic variant of the search (right) that uses
and entailment as the logical underpinning. fed to the
reasoning engine invoke neural modules for retrieving facts, generating inferences, and
verifying decompositions.

of inferentially powerful LLMs, but also loses the systematic, verifiable proofs that
expert systems produced. This motivates our pursuit of a new way to jointly reap the
benefits of both modern neural methods and traditional reasoning.

We desire the following expert system-inspired desiderata:

1. Grounding inferences fully and scalably in a corpus of knowledge from an

authoritative human source.

2. Logical direction, showing how a given hypothesis (and all intermediate
inferences leading up to it) follows as the logical consequence of the underlying

knowledge source

3. Competitive end-to-end QA performance in a complex domain requiring

95



CHAPTER 3. NELLIE: A NEURO-SYMBOLIC ENTAILMENT ENGINE

diverse forms of reasoning.

As illustrated in Figure 3.2, various eXplainable QA (XQA) methods accomplish
2 of these criteria but not all 3. Some methods, like Chain-of-Thought, generate
inference chains or logically structured graphs from an LLM without grounding in
verified knowledge. Others, like ExplanationLP (Thayaparan et al., 2021), compose
graphs of grounded facts but do not show logical direction. LAMBADA (Kazemi et
al., 2023) achieves both direction and grounding but is limited to simple domains with
provided NL Horn rules and sets of 1-2 dozen facts. In contrast, we desire a system
that handles a larger corpus (10K statements) and doesn’t need handcrafted rules.

To achieve all three desiderata, we reuse the general inference framework of an
expert system but replace handcrafted rules with a combination of neural language
modeling, guided generation, and semiparametric dense retrieval. We demonstrate
this in a system called NELLIE, the Neuro-Symbolic Large LM Inference Engine.
NELLIE leverages LLMs as proposal functions in the search of proof trees showing how
a conclusion follows via entailment from an external corpus of NL statements. The
“symbols” that our neuro-symbolic engine reasons over are free-form NL sentences.
Rather than require a knowledge engineer to carefully write hundreds of inference rules
as in the classical setting, NELLIE employs an LLM as a dynamic rule generator (DRG;
(Kalyanpur et al., 2021)) to generate (rather than retrieve) candidate rules that
decompose a hypothesis into subqueries that, if themselves proved recursively, will

prove that hypothesis via composition (Figure 3.6). In this way, NELLIE can answer
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O NL Query O Symbolic Query O LM Generated NL Inference —> Logical Direction

NL Fact O Symbolic Fact i‘) LM Generated NL Anti-Rationale NL Horn Clause

( Natural Language
COMET-DynaGen Entailer

NELLIE (Ours)

Maieutic

Prompting

Cham of-Thought
P CLU NL Corpus
v @

Symbolic ExplanationLP

CORGI D .)/ \(.
Synthetic
PathNet Text + Rules
@— —® Grounded +
Grounded Logical

(Grounded + Logical)
Figure 3.2: Comparison of approaches to neural XQA. Each approach leads to
NL graphs in support of a . Our proposal is to produce logically directed

explanations containing model-generated intermediate steps while grounding a
tree in without relying on

the question posed by the classical expert system: “Does this statement systematically
follow from my knowledge, or not?".

NELLIE is built upon a backward chaining symbolic theorem prover written in
Prolog, implemented using a few meta-rules specifying how inference should proceed.
These include checking for entailment of a hypothesis against a retrieved fact or

decomposing it into a conjunction of subqueries to recursively prove. To treat NL
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sentences as if they were symbols in a purely symbolic search algorithm, we use a
natural language inference-based form of weak unification (Sessa, 2002; Weber et al.,
2019) between the hypothesis and a corpus fact. This produces interpretable proofs
similar to the compositional entailment trees of prior work (e.g., EntailmentBank (Dalvi
et al., 2021)) while tackling the additional challenge of QA.

NELLIE is designed to search across hundreds of trees whose leaves come from one
of two types of knowledge: (a) a corpus of semi-structured text statements, such as NL
renditions of database entries, or (b) a corpus of free-form NL sentences. Many correct
proofs might exist for a given hypothesis, but much fewer will be fully groundable in
the provided corpus, making the search harder than for ungrounded alternatives like
Entailer (Tafjord et al., 2022) or COMET-Dynagen (Bosselut et al., 2021). To improve
grounding, we introduce two guiding methods to boost the likelihood of generating
rules whose conditions match against the available text: (1) For applications where a
semi-structured corpus is available, NELLIE leverages this structure via templates to
help steer rule generation towards syntax that is more likely to match corpus entries.
(2) For both free-form and semi-structured corpora, NELLIE retrieves and conditions
on statements to help steer generation towards trees grounded in them. Ablation
experiments show these together and individually improve NELLIE’s reasoning.

NELLIE expands upon methods that ground known-to-be-true hypotheses to
provided facts (SCSEARCH; Bostrom et al. (2022)), (IRGR; Ribeiro et al. (2022)]),

extending the paradigm to perform QA. This involves searching for and comparing
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trees for conflicting answer options (both true and false). Experiments find NELLIE
outperforms a similar-sized state-of-the-art reasoner, Entailer, while producing
compositional trees showing how decisions are grounded in corpus facts. We also find
NELLIE can exploit both semi-structured and natural text corpora for its reasoning via
retrieval and template conditioning. and that the use of templates for rule-generation

help reason over semi-structured text data. Our contributions are thus:

1. An architecture for systematic reasoning from a corpus of textual knowledge to
answer questions. This can be viewed as a modern approach to expert system

inference, but without requiring a formal knowledge representation.

2. An implementation, NELLIE, that outperforms a similar-sized SOTA reasoner
(Entailer-3B) while producing grounded trees. To our knowledge, this is the first

system to perform grounded XQA as NL entailment tree search.

3.2 Preliminaries

A logical expert system proves a propositional query against a theory comprised
of facts and inference rules, generally given in the form of Horn clauses. Upon
finding a rule whose head can wunify with the query, a depth-first backward
chaining algorithm such as those used in Prolog solvers will perform variable
substitution and then recursively attempt to prove the terms in the rule’s body.

For example, a disease classification system might prove query CoNTAGIOUS(flu)
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via facts ConTaGiOUS(influenza) and OTHERNAME(flu, influenza), and conjunctive rule
CONTAGIOUS(X) <= OTHERNAME(X,Y)A ConNTAaGIOUS(Y). It does so by unifying
CoNTAGIOoUS(flu) with CoNTAaGIOUS(X) and then recursively unifying the terms in the
rule body with their matching facts. Here, flu is an object symbol, CoNTAGIOUS is a

predicate symbol, and X is a variable. See Russell and Norvig (2010) for further details.

3.2.1 Neural Predicates

While most declarative predicates have meaning only in the context of user-defined
inference axioms, others can call external neural modules that produce values for their
arguments or determine the truth value of the predicate. A popular implementation
of this paradigm is DeepProbLog (Manhaeve et al., 2018), which we use to define LM-
invoking predicates. In the above example, we might train a sequence-to-sequence
(seq2seq) model to produce other names for a disease Y, turning OTHERNAME(Y +, X 7)1
into a neural predicate. This mechanism creates the ability to introduce externally

defined object symbols, e.g. seq2seq-generated NL, into the engine’s vocabulary.

3.2.2 Weak Unification

In classical backward chaining, a unification operator assigns equivalence to two
logical atoms; this requires atoms to have the same arity and have no unequal ground

literals in the same argument position. Issues arise when literals are NL sentences,

¢

'In Prolog syntax, ‘+’ denotes inputs, ‘-’ outputs.
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ir —— ypothesis >
QA Pair QAto ——>NL Hypoth h—> eorem Score + Proof Tree
Which rock type is most Declarative Limestone is the rock type Prover .96 !.imesto_ne is the_rock type_ n:lost us_eful
useful in studying the Converter most useful in studying the in studying the history of livings things
history of living history of living organisms s a kind of y rock
organisms?
Basalt is the ...

(A) limestone (B) basalt Granite is the ... a sedimentary rock Is used for studying
(C) granite (D) marble Marble is the .. the history of living things

Neural Predicates Meta-Axioms sedimentary rocks contain fossils

f livi i
l: | (h, f) Prove(h) < Retrieve(h, f) A Entails(f, ) c\o—n:mg organisms
Entails(p, h)

Prove(h) < Retrieve(h, f1) A RuleGen(h, f1, f2) A Entails([f1, fa], h) A Prove(fs)
RuleGen(h, f1, f2) .43 Marble is the rock type ...
TCRuleGen(h, t, f1, f2) Prove(h) <= TCRuleGen(h, t, f1, f2) A Entails([f1, f2], k) A Prove(f1) A Prove(fs) I::marble is a kind of metamorphic rock ...

Figure 3.3: NELLIE system framework. An off-the-shelf theorem prover searches for
proofs of query PROVE(h), where symbol A is an NL hypothesis translated from a
QA pair. The prover uses a set of meta-axioms invoking neural retrieval, entailment,
and generation predicates to dynamically instantiate inference rules that use the NL
factbase.

which can be syntactically distinct but semantically equivalent. To handle this, Weber
et al. (2019) propose a weak unification operator, which allows for the unification of
any same-arity atoms regardless of conflicting symbols.? They estimate a unification
score as the aggregation of pairwise similarity scores using a similarity function
(s1,s2) € [0,1]. The score of the full proof is taken as the minimum of scores across
all steps. In this work, we apply a similar aggregation; we say that a query fact s;
“weakly unifies” with provenance fact s, with a unification score equal to the confidence

of an NLI model taking s, as the premise and s; as the hypothesis.

’Introducing weak unification greatly increases the search runtime, as one might try to unify
any two symbols in the vocabulary at every recursive step. This poses a substantial challenge when
applying the query grounding algorithm to a search space over NL.
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3.3 Overview of Approach

Depicted in Figure 3.3, our framework is comprised of: an external corpus of facts
(some {fi,... fn}); a module that converts a QA pair to a hypothesis; an off-the-shelf
theorem prover; and a suite of meta-axioms that use neural fact retrieval and dynamic
rule generation modules to propose, verify, and score inferences. In my experiments, I
consider one implementation of this framework that uses the corpus WorldTree (Xie
et al., 2020), a set of 9K NL science facts that can interchangeably be considered as

rows in 81 n-ary relational tables.

3.3.1 Question Conversion

Given a multiple-choice question, the system converts each candidate answer into
a hypothesis h using a Question to Declarative Sentence model (QA2D; Demszky et
al. (2018)) The following is an example conversion by our QA2D model of a multiple-
choice question into a set of candidate hypotheses to prove.

Q: Ethanol is an alternative fuel made from corn. What is one of the

unfavorable effects of using ethanol as a fuel?
(A) decreased cost of fuel production
(B) decrease in farm land available for food production

(C) increase in the consumption of fossil fuels
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(D) increased carbon footprint from driving automobiles
Converted to the following hypotheses:
(A) Using ethanol has an unfavorable effect on the cost of fuel.
(B) Using ethanol as fuel decreases farm land available for food production.
(C) Using ethanol as fuel increases in the consumption of fossil fuels.
(D) The use of ethanol as an alternative fuel can lead to increased carbon footprints.

NELLIE then searches for a proof of each alternative h against its knowledge base.
For each alternative, I enumerate p proofs using a time-capped backward chaining
search and then take as the system’s answer the candidate with the overall highest-

scoring proof. This approach is similar to that of Tafjord et al. (2022).

3.3.2 Inference Rule Structure

My approach uses LMs to dynamically generate inference rules given a hypothesis.
The rule structure is strikingly simple, instantiating one of the following meta-level

templates:

I. Hypothesis <« Fact

II. Hypothesis < Factl A Fact2
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Via template I, the system proves the hypothesis by finding a provenance Fact stored
in its knowledge store that entails the hypothesis. Via template II, it enumerates
a pair, Factl and Fact2, both either stored in the knowledge store or themselves
recursively proved, such that the pair in conjunction entails the hypothesis.® Template
[ is given higher search precedence than 11, yielding an intuitive high-level procedure:
we first look up the hypothesis against the factbase, searching for an entailing fact.
If we do not find one, we decompose the hypothesis into a pair of statements to be
proved. Concretely, for an input hypothesis h, we define the predicate PROVE(h)
that serves as the primary goal term. We define the following core meta-rules, which
use the neural predicates RETRIEVE, ENTAILS, and RULEGEN. At each step in the
backward-chaining search, NELLIE’s Prolog engine attempts to unify a query with the

head of one of these three rules:

1. Fact Unification

PROVE(h) <= RETRIEVE(h™, f7) A ENTAILS(f, h)

2. Two Premise Rule Generation
PROVE(h) < RULEGEN(h™, fi, f5 ) A ENTAILS([f1, f2], h)

A PROVE(f;) A PROVE(f,)

3. Retrieved First Premise Rule Generation

31 find that two-premise decomposition is sufficiently powerful and expressive for our purposes. For
example, to prove a hypothesis such as those in EntailmentBank (Dalvi et al., 2021) that requires a
three-premise conjunction h < fi A fo A f3, NELLIE produces instead a recursive set of decompositions
H < finfi; fi < faAfs, with the additional interpretability provided by the intermediate NL node f;.

41 only decompose a hypothesis if it’s not proved by I.

64



CHAPTER 3. NELLIE: A NEURO-SYMBOLIC ENTAILMENT ENGINE

PROVE(h) < RETRIEVE(hT, f;) A RULEGEN(hT, fi7, f5)

A ENTAILS([f1, fo], ) A PROVE(f,)

3.3.3 Unification with Retrieved Facts

For factbase fact f, PROVE(f) is vacuously true. Rule 1 shows how we prove
PROVE(h) using retrieval. The predicate RETRIEVE proposes candidate f;’s given h
using a FAISS (Johnson et al., 2019)-based nearest neighbor dense retrieval index. I
train the retrieval encoder via ranking loss such that the embedding for a hypothesis is
maximally similar to its supporting facts. To promote logical coherence and improve
the precision of the system, I apply a set of neural models for recognizing textual
entailment (RTE) as filters ENTAILS;(-) that iteratively rule out f; candidates that

are not classified as entailing h.

ENTAILS(f,h) <= [\ ENTAILS;(f;, h)

j=1l..n

Implicit in rule 1 is that PROVE(h) weakly unifies with some PROVE(f;); I assign the
unification score 6(h, f;) equal to the confidence of one RTE model.

For some questions such as the one depicted in Figure 3.4, it is necessary to ground
a subquery in evidence from the problem. To handle this, I add the question setup

(defined as all but its last sentence) as a “fact” always proposed by RETRIEVE.
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Cheetahs have come close to extinction due to hunting, drought, and
disease. There is now little genetic variation in cheetah populations.
Which of the following is a result of the limited genetic variation in the current
cheetah populations compared to earlier populations with more variation?

(D) The current cheetah populations are less likely to be able to adapt to
environmental changes.
Hypothesis
The current cheetah populations are less likely to be able to adapt to
environmental changes as a result of the limited genetic variation
compared to earlier populations with more variation.

T

Sub-Hypothesis I 1
[The current cheetah populations have | | As the genetic variation in a species

less genetic variation than the earlier of organism decreases, the ability of

populations that species to adapt to changes in
T the environment will decrease.
Cheetahs have come close to Corpus Fact

extinction due to hunting, drought, and
disease. There is now little genetic
variation in cheetah populations.

Question Context

Figure 3.4: Example question in which a sub-hypothesis in the proof tree is grounded
to the question context rather than to the factbase.

3.3.4 Dynamic Rule Generator (DRGQG)

If we do not find an entailing fact for hypothesis h, we decompose h into a
pair of entailing premises; we propose candidates using nucleus sampling (Holtzman
et al., 2019) from a seq2seq model. The predicate RULEGEN(h, f1, f2) prompts a
model trained to generate h — f1, fo pairs. The space of potential decompositions is
very large; there are many deductively valid ways to prove a hypothesis in natural
language, though only a fraction of them are ultimately groundable in the provided
factbase. To bias the proof search towards those more likely to be grounded in the
corpus, I adopt a two-pronged approach, illustrated in inference rules 2 and 3, that
proposes a heterogeneous search frontier using different biasing strategies in addition

to straightforward LM sampling.
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3.3.5 Template Conditioned Generation (TCG)

One way in which we improve our LM-based proposal function is to leverage the
high-level structure that supports reasoning in a given domain: we propose template-
guided generation to bias search towards the semi-structure of WorldTree.® WorldTree
tables correspond to types of facts with similar syntax and semantics that support
scientific reasoning. WorldTree questions are annotated with the fact rows that support
their answers. Each table can be viewed as an n-ary relation of columns whose values
are text spans. E.g., the Taxonomic relation has columns <A >, [HYPONYM], <is a
/ a kind of >, <SCOPE1>, [HYPERNYM], <for>, [PURPOSE]. Rows include ‘a bird
1s an animal’ and ‘a seed is a kind of food for birds.’

Thus, for the RULEGEN predicate in rule 2, half of the f;, fo candidates are
sampled from the DRG conditioned on h plus a template that cues the model to
reflect the syntax of a WorldTree table.® We train the DRG to accept any masked
infilling template (e.g. <mask>is a kind of <mask>, akin to those used to pretrain
LMs (Lewis et al., 2019; Raffel et al., 2020)), and propose decompositions whose first
fact reflects the template’s syntax. We thus create a h,t; — f1, fo model. We feed

the model templates drawn from WorldTree’s tables, guiding it towards proof steps

SWhile our approach is applicable to a wide array of reasoning problems, the use of WorldTree-
specific templates illustrates one way by which we can infuse domain-specific structure into the neural
search algorithm. This is a strict departure from the burdensome process of symbolic knowledge
engineering. As our experiments show, this guidance method improves NELLIE’s QA accuracy by a
few points, though ablating it yields a similarly strong performance.

6This intuition follows from the observation that over 85% of the non-leaf nodes in the trees of
EntailmentBank (Dalvi et al., 2021), a dataset of gold trees rooted in WorldTree facts, also reflect
the syntax of a WorldTree table.
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more likely to be grounded in the factbase. Figure 3.5 depicts the infilling templates
gathered from WorldTree and used for template-guided rule generation. We manually
annotated this list. The full set of templates is of size 150. We reuse the same model
for non-template-conditioned generation by feeding it an empty template.” In practice,
we make two generation calls: one samples m free-generated candidates, and a second

samples n candidates for each of n; templates.

RULEGEN(h™, f1, f5 ) <= MEMBER(¢, TEMPLATES U {BLANK})

A TCRULEGEN(A™, t%, f, f5)

3.3.5.1 Template Selection

WorldTree is a diverse corpus, containing tables that are specific to a particular
subset of science problems (e.g. the “Predator-Prey” table). Generating decompositions
according to these templates in a context-independent manner risks wasting time
and compute to consider inference patterns that are almost certainly irrelevant and
unviable. As conditioning on dozens of templates is also computationally expensive,
we introduce a case-based reasoning (Schank, 1983; Das et al., 2021) approach that
selects relevant templates for a given hypothesis. We construct an Okapi-BM25 (Jones
et al., 2000) retrieval index over questions from the WorldTree QA training set to

obtain the most lexically similar items to a query hypothesis. At inference time, we

"Though a separate model could be used for vanilla generation in the same inference pipeline.
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WorldTree Relation Template

INSTANCES <mask>is <mask>

ACTION <mask>to <mask>

KINDOF <mask>is a kind of <mask>
PROP-THINGS <mask>are <mask>

ACTION <mask>for <mask>
AFFORDANCES <mask>can <mask>

IFTHEN if <mask>then <mask>
PROP-THINGS <mask>has <mask>

CAUSE <mask>causes <mask>
MADEOF <mask>made of <mask>
PROP-THINGS <mask>have <mask>
REQUIRES <mask>requires <mask>
ACTION <mask>is when <mask>
USEDFOR <mask>used to <mask>
PARTOF <mask>a part of <mask>
CHANGE <mask>changes <mask>
USEDFOR <mask>used for <mask>
ATTRIBUTE-VALUE-RANGE <mask>means <mask>
AFFECT <mask>has <mask>impact on <mask>
PROP-ANIMAL-ATTRIB <mask>is a <mask>animal
SOURCEOF <mask>is a source of <mask>
CONTAINS <mask>contains <mask>
COUPLEDRELATIONSHIP as <mask>will <mask>
CHANGE-VEC <mask>decreases <mask>
COMPARISON <mask>than <mask>

ACTION <mask>is when <mask>to <mask>
CAUSE <mask>can cause <mask>
LOCATIONS <mask>found <mask>
COMPARISON <mask>more <mask>
PROP-INHERITEDLEARNED <mask>is <mask>characteristic
DURING <mask>during <mask>
CHANGE-VEC <mask>increases <mask>
AFFORDANCES <mask>can <mask>by <mask>
EXAMPLES an example of <mask>is <mask>
SOURCEOF <mask>produces <mask>
CONTAINS <mask>contain <mask>
CHANGE <mask>converts <mask>
COMPARISON <mask>is <mask>than <mask>
FORMEDBY <mask>formed by <mask>
CONSUMERS-EATING <mask>eat <mask>
SOURCEOF <mask>provides <mask>

PROP-RESOURCES-RENEWABLE <mask>is <mask>resource
ATTRIBUTE-VALUE-RANGE <mask>means <mask>of <mask>

Figure 3.5: Partial list of WorldTree templates used for guided generation, sorted by
frequency of occurrence in EntailmentBank trees (full list omitted for space).
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select the top-k most similar questions to the query and take as our template subset

the tables of the questions’ annotated facts.

3.3.6 Retrieval Conditioned Generation (RCG)

In rule 3, rather than generate a pair of subqueries, we immediately ground half of
the antecedent by choosing as f; a fact retrieved directly from the corpus. We have
the DRG force decode f; before generating f; as normal, then recur only on f5. In
practice, we retrieve some top-ny candidate f;’s scored by a retrieval bi-encoder for
each fact and generate candidate decomposition sets in parallel for each fact. The
number of decompositions per fact is determined by the number of generations that
can be made in parallel on a given GPU, as we enforce that all retrieval-conditioned
generations happen simultaneously (one call to the Hugging Face generate call, which
can take 7-10 seconds in some cases). Given a GPU-specific cap on parallel generations
C, we generate C'/n; decompositions per support fact. In our case, using a 24GB

RTX GPU, the cap C' is set to 40 for a T5-3B-based decomposition generator.

3.3.7 Filters

As stochastic sampling from LMs can be noisy, some fraction of the generated
candidate set may be invalid: premises may be incoherent, or the decomposition might

not properly entail h. Accordingly, we introduce a set of compositional entailment
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verifiers (Khot et al., 2020; Jhamtani and Clark, 2020) trained on two-premise
compositional entailment. We also add a “self-ask” filter, which following Tafjord et al.
(2022) is an LM fine-tuned to assign a statement a truth value. If the confidence is
below 0.5 for either an entailment judgment or the ‘self-ask’ belief in f; or f,, then we
filter the pair. All filters condition on the question text as context. When NELLIE
uses these rules, the unification score equals the lowest of the scores for PROVE(f;),

for PROVE( f3), and the confidence of entailment filters s.([f1, f2] = H).

3.3.8 Proof Search

Given a query, NELLIE searches for ¢ seconds to find up to p proofs of depth d
or less. We follow Weber et al. (2019) in pruning search branches whose unification
score is guaranteed to fall below the current best, given our monotonic aggregation
function min(-). Found proofs that score under the current best do not count towards
p. Figure 3.6 illustration of a successful search trace combining the modules described
above. Full pseudocode for the algorithm, which follows a depth-first search with a
breadth-first lookahead (Stern et al., 2010) to check for the unification of generated
subgoals, can be found in Algorithm 1. The logic of the algorithm is implemented in a

meta-interpreter coded in DeepProbLog (Manhaeve et al., 2018). It is parameterized by

1. A maximum number of proofs m at which to cut off searching. In experiments,

we set this to 10 for top-level queries and 2 for recursive subqueries.
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2

; Prove(plants use chlorophyll to produce sugar) ‘

.

. Conditioned "
Retrieval LM Filters

Y.

rove(carbohydrates are made of sugars)

%

NL Cbrpus

1
Prove(chlorophyll is used by plants to produce carbohydrates) | 1

Y
|
Template Templates
Conditioned
M

RTE

Filters ) if __ then___
; ___causes ___
Prove(chlorophyll causes plants to absorb light) J ___isusedto_
I __ _isakindof ___
~ J
Dense RTE
Retrieval Filters
l-%ove(chlorophyll is used for absorbing light energy by plants)

-)% Prove(plants use light to produce carbohydrates via photosynthesis)

Dense RTE El
Filters

Retrieval

l—) Prove(photosynthesis is a source of food for the plant by
converting carbon dioxide, water, and sunlight into carbohydrates)

Figure 3.6: Given a , NELLIE performs a neuro-symbolic backward chaining
search for proof trees whose are grounded in a corpus of facts. It generates
candidate decomposition rules guided by or templates. Then, it
recursively tries to prove rule conditions via entailment from the corpus or further
decomposition.

2. A number of support facts ny to retrieve at each call to RETRIEVEg, which we

set to 15.

3. Candidate generation rates n, for vanilla nucleus-sampled decompositions,
n; for template-conditioned decompositions, and n, for retrieval-conditioned

generations. We set these each to 40.% Upon removing exact match duplicates,

8Due to batching, these correspond to 3 total calls to the HuggingFace library’s generate function
for the T'5-3B model.
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a call to RULEGEN produces about 100 candidates.

4. Entailment scoring module SCORE,(+), which is a separate RTE cross-encoder

model for single- and double-premise entailments.
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Algorithm 1 NELLIE’s backchaining algorithm, coded in Prolog, for searching for
proof list treeM (H), .. .tree™)(H) with scores sV (H),...s™)(H);m' < m for a
hypothesis H against factbase K. The rule generator produces n, candidates via
vanilla nucleus sampling, n, candidates via sampling from templates, and n,. candidates
whose first fact is retrieved from K. The search is capped at max depth dp.,. All

, , and entailment scorer calls in forall loops are batched.
All MODULE outputs are cached. and

are ordered lists of neural entailment models. = denotes weak entailment.
1: procedure Prove(H, m, d) — proofs treeV) (H), ... tree(™ (H) & scores s(V (H), ... s™") (H):

2: i. check weak unification against K:
3: entailing premises P = PrREMISELookUP(H)
4: if P nonempty
5: then return proofs= [(p - H) for p € P], scores= | (p+ H) for p € P]
6: elif d = dmax
7 then Fail
8: ii. generate candidate decompositions: // If H does not unify against K, decompose it
9: decompositions D = RULEGEN(H)
10: iii. check whether any decompositions pairs both unify: // this step amortizes premise lookups
11: proofs = [; scores = |]
12: forall (p1,p2) € D do
13: if p1 € K and 3p, € PrEMISELOOKUP(p2) // if p1 already grounded, its subtree is leaf
14: then proofs += ({p1, (p - p2)} + H)
15: scores += min( (P4 F p2), (p1 Ap2+ H))  // tree score is min of scores used to
construct it
16: elif 3p} € PremiseLookupr(p1) and 3Jpl € PrREMISELOOKUP(p2)
17: then proofs += ({(p} + p1), (s F p2)} - H)
18: scores += min( (P} Fp1), (ph F p2), (p1 Ap2 + H))
19: if proofs not empty
20: then return proofs, scores
21: iv. recur on generated premises: // if still no proof, need to recur
22: proofs = [; scores = |]
23: forall (p1,p2) € D do
24: if (p1 A p2 F H) > max(scores) and len(proofs) < m // only recur if chance of better score
25: then (proof,, ,Sp,) = ProvE(p1,1,d + 1)
26: (proof,,, , Sp,) = PrOVE(p2,1,d + 1)
27: recursive score S = min(Sp, , Sp,, (p1 Ap2 + H))
28: if S, > max(scores)
29: then proofs += ({proof,, ,proof,, } - H)
30: scores += Sy
31: return proofs, scores
32:
33: procedure PremiseLookup(H) — premises P s.t. V¥p € P,p+ H // try to ground H in K via weak entailment
34: candidate premises P = (H,ny) // retrieve candidate premises s.t. p - H
35: forall f € do
36: P=f(P,H) // only keep premises that pass all filters
37: return P
38:

39: procedure RULEGEN(H) — decompositions D = (p},pl),... (p$,p5) // find candidate pairs s.t. p1 Ap2 - H
40: D=

41: D += (H,n =ny)

42: = (H)

43: outputs per template o; = n¢/len(

44: forall t € do // generate candidates for each of 50 templates in WTTEMPLATES
45: D += ([H t],n = o¢) // T5 model accepts optional t appended to H
46: retrieved first premises Py = (H,ny)

47: outputs per premise o, = n,/len(Pr)

48: forall px € P; do // generate candidates with retrieved support facts as first premise
49: D += (H,prefix = pr,n = or) // Force decode px then generate a pa
50: forall f € do // includes entailment, regex, self-asking filters
51: D= f(D,H) // only keep premise pairs that pass all filters
52: return D
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3.3.9 Model Details and Training

We train the components of NELLIE to be able to answer questions in the
Science QA domain. The different neural modules are trained on reformulations of
existing datasets for scientific reasoning. We use the following sources: WorldTree
Explanations (Xie et al., 2020) and EntailmentBank (Dalvi et al., 2021)
are used as described in the paper. eQASC (Jhamtani and Clark, 2020) and
SciTailL (Khot et al., 2018) are datasets of two- and one-premise entailment

questions.

3.3.9.1 QA2D

Our QA2D model is a T5-11B (Raffel et al., 2020) fine-tuned by Tafjord et al.

(2022) on the original QA2D dataset (Demszky et al., 2018).

3.3.9.2 Retrieval Module

The dense retrieval model is a SentenceTransformers Siamese BERT-Network
encoder (Reimers and Gurevych, 2019) pretrained on the MS MARCO IR
corpus (Nguyen et al., 2016), which we fine-tune via ranking loss to maximize the
cosine similarity between a hypothesis and its support facts. I gather h, f; from the
WorldTree, EntailmentBank, and eQASC training sets, then sample random negatives
during training. While it is difficult to evaluate the retrieval module’s performance

in the process of NELLIE’s multi-hop question answering (during which the system
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makes dozens of retrieval calls returning different retrieval sets), I benchmarked the
fine-tuned cross-encoder on its own using a series of gold-annotated support fact sets
from WorldTree. For each question and correct hypothesis in the EntailmentBank test

set, I evaluated against the following gold sets:

1. The facts leaves appearing in the gold-annotated entailment tree

2. The facts from WorldTree expert-annotated by Jansen et al. (2021) to have
an ordinal relevance score of 5 or more on their scale from 0-6. 5/6 generally

denotes “core” facts.

3. The facts annotated by Jansen et al. (2021) to have a score of 3 or more. This

generally denotes at least “important” facts.

EB Gold Leaves Core facts Important facts

Dev Test Dev Test Dev Test
R@1 0.19 0.15 0.24 0.20 0.09 0.07
R@3 0.41 0.30 047 0.39 0.21 0.16
R@5 0.52 0.41 058 0.49 0.29 0.23
R@10  0.67 0.51 0.72 0.61 043 0.33
R@15 0.73 0.58 0.79 0.66 0.50 0.40
R@20  0.78 0.63 0.83 0.71 0.56 0.45
R@25  0.80 0.66 0.86 0.75 0.60 0.50
R@30  0.82 0.70 0.87 0.79 0.64 0.54
R@50  0.86 0.77 092 085 0.73 0.63

Table 3.1: Recall of support fact sets with question text plus correct answer hypothesis
as query. The R@I5 row is bolded because I chose n; = 15 via Optuna-based
hyperparameter search.’

76



CHAPTER 3. NELLIE: A NEURO-SYMBOLIC ENTAILMENT ENGINE

3.3.9.3 Dynamic Rule Generator

The DRG is a T5-3B model (Raffel et al., 2020) fine-tuned on h — [f, f2] pairs
drawn from eQASC, which are numerous (26K) but noisy, and the binary composition
steps from the EntailmentBank training set, which are few (3.8K) but ultimately
rooted in facts from WorldTree. To make the DRG able to condition on templates, I
adopt the span masking strategy from Raffel et al. (2020) to create a randomly masked
version fl of each f; and then train the model on A, fl — f1, fo pairs. For each
original triplet, I create one training example with a template, and one in which fl is

an empty <mask>, giving the model the dual capacity for non-template-generation.

3.3.9.4 Entailment Filters

I found that a mixture of strategies helps prioritize precision over recall
when filtering candidates. For 1-premise filtering for unification and 2-premise
filtering for rule generation, I fine-tune a separate pair of models consisting of a
SentenceTransformer cross-encoder classifier and a T5 seq2seq. The former is trained
via classification loss, the latter via sequence cross entropy loss. The 1-premise filters
are trained on the SciTail dataset, the 2-premise filters on eQASC and EntailmentBank.
For 2-premise entailment, I additionally add a “self-ask” filter, which following Tafjord
et al. (2022) is a Th model fine-tuned to produce its 0-to-1 confidence that a statement
is true. If the confidence is below 0.5 for either f; or fy, I filter the pair. As in Tafjord et

al. (2022), I train our DRG seq2seq in a multitask fashion so that it serves as both the
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rule generator as well as the “self-ask” filter and (half of) the 2-premise entailment filter.

3.3.9.5 Training

I use the default training parameters from the SentenceTransformers library!? in
order to train CrossEncoder-based classifier and Bi-encoder retriever models for 3
epochs. I correspondingly use the default fine-tuning parameters from the HuggingFace

library in order to train our T5-based generation and classification models.

3.4 Experiments

Our experiments illustrate how the approach exemplified by NELLIE provides
grounded and logical explanations, performing comparably or better than approaches
that do not satisfy these properties. Our task metric is accuracy: whether a generated

proof of the correct option outscores any other.!!

3.4.1 Evaluation Datasets

We evaluate models on two multiple-choice QA datasets constructed so that correct

answers are supported by facts in the WorldTree corpus:

Ohttps://tinyurl.com/mvhbmfcc
HTf it produces no proofs, it gives no answer and is wrong.
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3.4.1.1 EntailmentBank

EntailmentBank (Dalvi et al., 2021) is a dataset of entailment trees for
declarativized answers to the AI2 Reasoning Challenge (ARC) dataset (Clark et
al., 2018), showing how the hypothesis can be derived via compositional entailment
hops from WorldTree facts. We recast the test set, initially designed to test tree
reconstruction, into QA by retrieving the corresponding multiple-choice ARC questions

from which the hypotheses were constructed.

3.4.1.2 WorldTree

WorldTree (Xie et al., 2020) is a subset of the ARC dataset annotated with
undirected explanation graphs whose nodes are facts from the WorldTree tablestore.
We note that WorldTree explanations do not show how facts should combine. There
is no guarantee that fully grounded trees exist for these questions using the WorldTree
corpus alone. The difficulty of this task is akin to that of a course exam: the teacher (us)
provides the student (the model) with a very large study guide of facts, but expects the

student to use these facts by composing them to reason coherently about a problem.

3.4.2 Hyperparameters

NELLIE searches for up to p=10 proofs of max depth d=5 with a timeout of =180

seconds per option. The DRG produces 40 (pre-filter) candidates divided evenly
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amongst the set of templates drawn via case-based retrieval from the top-(k=10) most
similar questions to a given query hypothesis. It also generates 40 free-generated
candidates, and 40 retrieval-conditioned ones (4 each for the 10 top-scoring retrieved
f1’s). It therefore considers 120 candidate decompositions at each recursion step. All
sampling is done via nucleus sampling (p = .95). RTE models filter all candidates for
which the classification softmax likelihood of entailment is less than 0.7. We remove
duplicates before filtering.

I used Optuna (Akiba et al., 2019) to find the number of facts for retrieval-
conditioned generation, the p value for nucleus sampling, the entailment threshold,
and the number of candidates generated at each recursion step. I used as the objective
the overall QA accuracy on the EntailmentBank dev set. I ran it for about 300 trials,
and found that the most important parameters were the entailment threshold (too low
= too many bad proofs, too high = no proofs) and the nucleus p (less than 0.8 reduced

QA performance by 10-15. Experiments were run on 24GB Quadro RTX 6000s.

3.4.3 Baselines

I evaluate NELLIE against Entailer (Tafjord et al., 2022), another system that
produces entailment tree proofs via backward chaining. Entailer stops recurring not
when it finds entailing facts from a corpus, but rather when the model believes that a
subquery is true with high confidence. Its trees are thus not grounded in verified facts.

We reimplemented their algorithm using their T5-11B-based model, reporting their
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configuration of a max tree depth (D) of 3 and minimum of 1 (i.e. > 1 decomposition).
As their work found that the maximum depth is inversely proportional with QA
performance, we also evaluate their ablated setting which recurs exactly once (D=1).
This is a baseline that is neither grounded nor particularly interpretable, generating
just a pair of statements. To isolate the impact of model size, we also evaluate an
Entailer-3B model based on the same T5-3B model as NELLIE's DRG. 1?13

I also compare against grounded xQA methods without logical structure (see
Figure 3.2): PathNet (Kundu et al., 2019), which constructs 2-hop chains by linking
entities between facts, and three approaches that build graphs from facts using linear
programming: TupleILP (Khot et al., 2017), ExplanationLP (Thayaparan et al.,

2021), and Diff-Explainer (Thayaparan et al., 2022).

3.4.4 Results

Table 3.2 shows QA performance. NELLIE’s overall (Ovr) accuracy of over 70%
matches that of the best-performing grounded baseline, Diff-Explainer, on WorldTree,
and is within 2 points of the best logically directed baseline, Entailer-11B. This is
notable given Entailer-11B is a much larger model and has no requirement to provide

grounded proofs. NELLIE outperforms the same-sized Entailer-3B baseline by a margin

121 obtained the training data from Tafjord et al. (2022) and trained our model in consultation
with the authors.

13T also experimented with an 11B model as NELLIE’'s DRG; however this model performed very
poorly, timing out very frequently given the increased duration of generate calls on available GPUs.

4We show results from Thayaparan et al. (2021) & Thayaparan et al. (2022).
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Explanations QA Accuracy (%)

Grounded Logical Overall Easy Challenge

EntailmentBank QA

NELLIE (3B) Yes Yes 71.4 76.4 60.4
Entailer-3B
(D =3) No Yes 48.7 52.8 39.6
(D=1) No No 64.9 71.2 50.9
Entailer-11B
(D =3) No Yes 73.2 77.3 64.2
(D=1) No No 71.1 76.4 59.4

WorldTree QA

NELLIE (3B) Yes Yes 71.4 75.7 60.9
Entailer-3B
(D =3) No Yes 45.2 50.1 33.3
(D=1) No No 47.7 51.6 38.5
Entailer-11B
(D =3) No Yes 73.2 76.7 64.6
(D=1) No No 74.1 78.7 63.0
PathNet Yes No 43.4
TupleILLP Yes No 49.8
ExplanationLP Yes No 62.6
Diff-Explainer Yes No 71.5

Table 3.2: NELLIE performance vs. comparable XQA systems.

of 22% on EntailmentBank and 26% on WorldTree under its default max D = 3
configuration, and even outperforms the less explainable D = 1 variant.

Figure 3.7 shows the results of ablating NELLIE’s two conditional generation
modules and replacing them with vanilla generation. Removing both template- and
retrieval-conditioned generation lowers NELLIE’s performance in all circumstances,

highlighting the empirical benefit of structured guidance. Ablating TCG ((— TCG),
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Figure 3.7: Effect of ablating one or both of rule-conditioned (RCG) and template-
conditioned generation (TCG).

and the drop from (— RCG) to (— Both)) reduces performance by 1-1.5 points.

Ablating RCG (NELLIE vs (— RCG)) drops it by 3-4.

3.4.5 Domain Generalization and Knowledge Scaling

While NELLIE was trained on datasets centered around WorldTree, we show that
it can perform in another domain by altering the knowledge over which it reasons.
We consider OpenBookQA (Mihaylov et al., 2018), a dataset that requires reasoning
over facts not included in WorldTree; each question is associated with one WorldTree
science fact (“metals conduct electricity”), but also one fact from a separate pool of
common knowledge (“a suit of armor is made of metal”).

As with a classical expert system, we have designed NELLIE to be “improvable
merely by making statements to it” (McCarthy, 1959). This suggests that as we

increase the provided knowledge store, we should expect NELLIE to reason more

83



CHAPTER 3. NELLIE: A NEURO-SYMBOLIC ENTAILMENT ENGINE

07 0.7
o RCG s RCG )
] >
3» 0.6 >
8 0.51 Q‘:
8 0.5 0.46 5
Q O
< 04 0.40 g
< O
D031 NS
0.2- .
WorldTree WorldTree + WorldTree WorldTree +
Common Common
Knowledge Knowledge

Figure 3.8: NELLIE QA accuracy and proof recall on OBQA with vs. without access
to common knowledge statements

as the block of iron is melted the particles  the kidneys filter wastes and byproducts 1. Property Inheritance Error

move more rapidly a kidney is used for filtering blood sound can only travel through solids
a block of iron is a kind of object kidney is a vehicle for removing solids are made of matter
block of ning Is a kind of obl bodily waste from the blood
> block of something is a kind of object blood contains wastes and byproducts sound travels only through matter

a block is a kind of object

e ! the blood is a vehicle for moving planting a tree will have a negative effect
—>iron is a kind of thing chemical waste and excess water on an ecosystem
iron is a kind of metal from the body to the kidneys

planting trees is a human activity
if an object is melted then the particles will

move more rapidly
> melting means changing from a solid
into a liquid by increasing heat energy

human activity can have a negative effect
frictional force between two sticks on an ecosystem
causes them to increase in temperature
friction causes the temperature of an

2. Semantic Drift Error

melting means matter changes ject to i light is needed to cut wood with a saw
from a solid into a liquid by object to increase 9
increasing heat energy friction is the force between two sticks a saw is used for cutting wood

moved against each other

L if an object adds some heat energy a saw requires light

then the particles in that object will friction occurs when two object . . .

move more rapidly surfaces move against each other seeing requires light
as the temperature of a substance sticks are objects temperature decreases when heat is applied
increases the molecules in that a stick is a kind of object |—) as heat is transferred from something, the
substance will move faster p ire of that ing will decrease

Figure 3.9: (Left) Example NELLIE proofs. Top-level queries are decomposed
into subqueries via retrieval- or template-conditioned generation. Proof leaves
are corpus facts. (Right) Common classes of error causing false statements to be
grounded in true ones.

effectively. Because WorldTree does not cover all the knowledge required to answer
OBQA questions, we test whether NELLIE performs better on them when we add the
common knowledge to its retrieval index. As the common knowledge annotations are

one fact per question and are not designed specifically for entailment, it is unlikely
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No Proof of
Correct Option
Inheritance '
Error " Other
Semantic Incoherence
Drift Error Error

Figure 3.10: Distribution of NELLIE error classes among 136 incorrect answers on
EntailmentBank questions

a priori that a fully grounded entailment tree can be created using the available
knowledge alone, making this a challenging task.

Figure 3.8 shows NELLIE’s accuracy with and without RCG. We do not use TCG,
as the targeted common knowledge is free-form. We find that QA accuracy increases
11-12% with the common knowledge added. The percent of correct statement proved
also increases 9-12%. These results also highlight the importance of RCG, as it
provides a 5% QA boost and 13% on correct proof rate. These results show that
NELLIE can be applied out-of-the-box to a dataset requiring reasoning over a different

source of free-form NL knowledge.

3.4.6 Tree Error Analysis

We find that NELLIE can produce high quality proofs of correct hypotheses;

examples are shown in Figure 3.9 (left) and Figure 3.11.

However, the system can also generate proofs for incorrect answers that bypass its
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Question

NELLIE Proof

In what way can forest fires
affect the lithosphere? (A)
increasing soil erosion
(B) causing air pollution (C)
increasing seismic activity (D)
causing violent dust storms

The snowshoe hare sheds its
fur twice a year. In the
summer, the fur of the hare
is brown. In the winter, the
fur is white. Which of these
statements best explains the
advantage of shedding fur? (A)
Shedding fur keeps the hare
clean. (B) Shedding fur helps
the hare move quickly. (C)
Shedding fur keeps the hare’s
home warm. (D) Shedding
fur helps the hare blend
into its habitat.

Scientists use large optical
telescopes to obtain
information about the planets
in the solar system. What
wavelengths of electromagnetic
radiation provide this
information? (A) gamma
radiation (B) infrared radiation
(C) radio waves (D) visible
light

Forest fires can affect the
lithosphere by increasing soil

erosion.

Forest fires can cause soil Soil erosion can affect the
erosion. lithosphere.

! i

forest fires Soil erosion is when wind and
increase the soil moving water move soil from fields

erosion / environments.

as soil changes the lithosphere
will change.

soil erosion is when
wind and moving As one part of something changes
the rest of that something will

change.

water moves soil
from fields
environments

Soil is a part of the lithosphere.

if the component of
something changed

soil is a part of
the lithosphere

then the whole thing
will change

Shedding fur helps the hare blend
into its habitat best explains the
advantage of shedding fur.

Shedding fur means a hare changes
into a different color.

Changing into a different color
helps a hare blend into its
habitat.

fur is often part of
an animal for
changing colors.

Changing into a different color
helps an organism blend into its
habitat.

A hare sometimes sheds its fur. A hare is a kind of organism.

an example of
camouflage is
organism changing
into the color of

the environment

a snowshow hare
sheds its fur during
the summer and
winter

a hare is a kind of
animal

information about planets in the
solar system

N

C/isible light is used for observingj

[visiblc light can be used to obtain]

information can be obtained by
observing a planet in the solar

system planets

Cnformation can be obtained byj C)lanets in the solar system arej

observing objects objects of observation G telescope transmits visible llght)

!

an optical telescope
requires visible
light for human to
use

a telescope is used
for observing
planets by
astronomers

getting information
sometimes requires
observing

Figure 3.11: Example multiple-choice questions with NELLIE’s answer and
corresponding proof. Blue-outlined nodes are hypotheses generated by the QA2D
model for the correct answer highted in green. Grey nodes are generated subqueries;
tan nodes are leaves from NELLIE’s knowledge corpus.
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entailment filters. We can diagnose (and perhaps annotate) error patterns to address
in future work. We list a few categories, depicted in Figure 3.9 (right). A common
pattern of error is Hypernym Property Inheritance Errors (also known as the
“fallacy of the undistributed middle”), in which the model assumes that a member of a
taxonomic class has a property of their hypernym, but the property is not universal.
A colloquial example is inferring penguins can fly from penguins are birds & birds
can fly. We also observe an amount of Errors from Semantic Drift (Khashabi
et al., 2019) between inference hops, culminating in RTE model false positives. E.g.,
in block 2 of Figure 3.9 (right), which object loses temperature during heat transfer
changes between hops. Figure 3.10 shows the distribution of these errors on a set of
136 incorrect answers from EntailmentBank. The predominant error case is a failure

to find any proof of the correct option.

3.4.7 Correct Answer Tree Analysis

To investigate whether NELLIE reaches a right solution with right vs wrong
reasoning, we manually inspected for reasoning errors in 50 correct answer trees
produced by NELLIE. We found that 39/50 (78%) of trees were perfectly acceptable.
Most of the 11 unacceptable trees were due to incompleteness at one decomposition
step. In Chapter 4 I more comprehensively how entailment tree-based reasoners can
be right for the wrong reasons, and explore mechanisms for measuring and addressing

this challenge.
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3.5 Impact of Design Choices

NELLIE is comprised of numerous modules that are very difficult to evaluate
in isolation given a lack of in-domain test sets for tasks like QA2D, decomposition
generation (H — F'1, F2) compositional RTE (H < F1, F'2), single-premise RTE
(H < F1), and fact retrieval. Below, I enumerate some modeling choices, alternatives

I tried, and the extent to which I observed them impact the system.

e QA2D:
NELLIE uses: Tafjord et al. (2022)’s T5-11B model.
We also tried: using GPT-J (Wang and Komatsuzaki, 2021a) with in-context-
learning exemplars drawn from EntailmentBank. This results in 10+ point
drop in QA, mainly because (A) EntailmentBank hypotheses are designed to
be generics instead of question-conditioned statements and (B) GPT-J tended

to generate true statements even for wrong answer options.

e Decomposition generation (H — F1, F2):
NELLIE uses: A T5-3B model trained in a multi-angle fashion similar to
Tafjord et al. (2022), using additional data for compositional entailment and
decomposition generation.
We also tried: Using a T5-Large model trained only on the decomposition data.
This allowed us to generate far more decomposition candidates per hypothesis,

but rate of obtaining a good decomposition was far lower. This led to 5+ point
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drop in QA.

e Compositional RTE (H < F1, F2):
NELLIE uses: A sequence of (1) The same T5-3B model as for generation and
(2) a cross-encoder trained on eQASC and EntailmentBank.
We also tried: (A) using a bi-encoder trained via contrastive loss (this was not
as effective at ruling out bad decompositions), (B) not training the bi-encoder to
condition on the question, and (C) only training on EntailmentBank (as Tafjord

et al. (2022) do). All three variants reduce QA by 3-7%.

e Single-premise RTE (H < F1):
NELLIE uses: (1) A cross-encoder trained on Sci-Tail
We also tried: an off-the-shelf RTE model,'” which had too high a false positive

rate to be effective.

e Fact Retrieval:
NELLIE uses: a Sentence-Transformers bi-encoder pretrained on MS MARCO
and fine-tuned on (H, F'1) pairs drawn from WorldTree, EntailmentBank, and
eQASC.
We also tried: the same bi-encoder off-the-shelf without finetuning. This only

dropped performance by 3-4 points.

Bhttps://huggingface.co/cross-encoder/nli-deberta-v3-base

89


https://huggingface.co/cross-encoder/nli-deberta-v3-base

CHAPTER 3. NELLIE: A NEURO-SYMBOLIC ENTAILMENT ENGINE

3.5.1 Development Timeline

The performance shown in Table 3.2 was obtained over the course of a 9-month
period of experimentation and development. Below I review key revisions to the design

of the system that led to its end performance shown in Figure 3.12.

75 Timeline of NELLIE Performance
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Figure 3.12: Change in NELLIE performance during development period from August
2022 to March 2023.

1. August 2022:
The initial iteration of NELLIE used a T5-Large model trained on 26K
decompositions from eQASC and 3.8K decompositions from EntailmentBank.
For QA2D declarativization, it used a GPT-J model (Wang and
Komatsuzaki, 2021b) performing in-context learning using gold hypotheses
from EntailmentBank. Given an input ¢, a pair, I filled the model’s 2048-token

context with randomly sampled gold (g;, a;, h;) triplets, then greedily decode
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the hypothesis. For filtering 1-premise entailments, it used a Cross-Encoder fine-
tuned only on SciTail and for 2-premise entailments it used a (different) T5-Large
model fine-tuned positive/negative entailments classification pairs from eQASC
and EntailmentBank. We sampled negative examples for EntailmentBank by
randomly replacing a child in positive examples with one from the rest of the
corpus. For template-conditioned generation, it generated one candidate for
each of the 50 most common templates appearing in EntailmentBank (matching

10 or more nodes in the EntailmentBank train split).

2. September 2022:

e Increased the number of generations per template from 1 to 10.
This substantially improved the rate at which tempate-conditioned

decompositions were used in the search.

3. October 2022:

e Trained an improved cross-encoder classifier for 2-premise entailment. I
used a revised strategy for selecting close-but-negative examples from
EntailmentBank. I also included the Amazon Mechanical Turk data
collected by Tafjord et al. (2022). The resulting model obtained a around
.775/.666 precision/recall on a development set containing the gold positive
decompositions from EntailmentBank and the negative examples in the

Turk data.
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e Extended the grounding WorldTree corpus to include the 3K annotator-
added facts used as leaves in EntailmentBank trees but not originally in the
WorldTree corpus. This substantially raised the proof recall rate for some
test hypotheses that were previously ungroundable using just World Tree.
This made the full set of EntailmentBank QA test hypotheses “theoretically

groundable.”

e Switched the QA2D model from the noisy GPT-J model to a T5-large

model trained to map entailment answer options to the gold hypotheses.

4. December 2022:

e Switched the weak unification scoring method from the cos-similarity of
the support fact-retrieving bi-encoder (which often is low for even strongly

entailing premises) to the confidence of a RTE-trained cross encoder.

e Added the branch pruning described at the start of Section 3.3.8, which
maintains a “current best” score for each hypothesis and prunes all branches

that are guaranteed not to find a better score.

5. February 2023:

e Added the ‘self-ask’ filter described in Section 3.3.7 that checks for model
belief in each premise’s factuality before accepting it as valid. This was
initially implemented using the Entailer-Large model released by Tafjord
et al. (2022).
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6. March 2023:
During this period, I performed manual error analysis on 150 incorrectly answered

questions (75 each from EBQA and WorldTree) and categorized NELLIE’s

performance by error pattern, yielding the following types:

1. Correct answer
outscored by incorrect

(29%)

NELLIE found a proof for the correct option, but
it scored lower than a proof for an incorrect one.

2. Hypothesis
unprovable without
the context (23%)

NELLIE's QA2D model produced a
question-dependent hypothesis that is not
provable without access to the question context.

3. Failed to prove
correct answer (19%)

NELLIE failed to find a proof of the correct
answer before timing out.

4. True hypothesis
for an incorrect option

(16%)

the QA2D model produced a hypothesis that is
true for an incorrect answer (usually by removing
some of the question context)

5. Malformed
hypothesis (14%)

The QA2D model produced a correct answer
hypothesis that is generally malformed, either

by adding or dropping words from the QA pair
to introduce ambiguity, or just by producing
fragmented language.

Table 3.3: Error class breakdown in March 2023

We observe from this decomposition that around 50% of NELLIE’s errors were
due to the QA2D model making mistakes (types 2, 4, and 5), not the proof

search. The following are an example of error type 4 and 2:
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Q: Which statement explains why a mother's unhealthy diet during
pregnancy is harmful to her embryo's development?
A: (wrong) The embryo inherits half its chromosomes from its mother.

|—) the embryo inherits half its chromosomes from its mother

Q: A student placed a limestone chip into a hydrochloric acid solution, and
carbon dioxide gas was released. The carbon dioxide was evidence that
A: (right) a chemical change occurred.

|—> a chemical change occurred

Meanwhile, in the cases that do pertain to the prover (types 1 and 3), 60% were
type 1 errors due to an incorrect proof “slipping through the cracks” of NELLIE’s
verification filters and outscoring a correct answer proof. Because half of all

errors were due to declarativization, I pursued the following improvements:

e (Addressing error type 2) Added the capacity to ground to the question

context instead of a WorldTree fact.

e (Addressing error types 2,4,5) Replaced the 3 Th-large models serving as the
dynamic rule generator, 2-premise entailment filter, and self-ask filter with
a single, multi-angle (Tafjord and Clark, 2021) T5-3B model that performs
all three functionalities. I fine-tuned this model on all the data used to train
the previous iterations. The new T5-3B model and a new 2-premise RTE
cross encoder both now conditioned on the question text for all decisions in
the algorithm. This addressed challenges faced in the error classes in which
declarative hypotheses did not faithfully represent their answer options, as

conditioning on the question text allowed the models to consider contextual
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statements instead of treating all statements as generics.

Switching to a larger architecture (T5-Large to T5-3B) has implications on
the number of candidates one can decode in a single call to Hugging Face’s
generate function for a given checkpoint. I was forced to reduce the number
of candidates generated at each recursive step from 100 per call (3 total calls -
[DRG with templates, DRG without template, DRG with retrieved facts|) to
40. This coincided to using a stronger generation model in T5-3B that less
frequently produced noisy, incoherent decompositions, and so the search still

benefited from the switch despite the smaller search horizon.

3.6 Discussion

In this chapter, I proposed a reimagined version of a classical expert system that
relies on the inferential power of LLMs rather than handcrafted rules. NELLIE has
the skeleton of a symbolic theorem prover, but the provided rules invoke neural
predicates that allow for systematic reasoning over NL statements. To dynamically
generate inferences, we introduce two mechanisms for knowledge-guided generation:
conditioning decompositions on retrieval or model-selected inference templates. Our
search algorithm undergirds NELLIE, an explainable reasoning system that performs
end-to-end QA by searching for grounded entailment trees. We find that NELLIE equals

or exceeds the performance of comparable XQA systems, while providing explanations
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with the simultaneous guarantees of logical directionality and groundedness in human-
provided text. This work thus suggests a new way to jointly reap the benefits of
both modern neural methods and traditional reasoning. It thus is a high-performing
embodiment of McCarthy (1959)’s vision of such a system. Finally, we identified a set
of promising avenues for future work that builds upon this paradigm, made tractable

by NELLIE’s modular approach to systematic neuro-symbolic reasoning.

3.6.1 Future Work

We pursue Al solutions that exhibit systematic, interpretable, and granular
reasoning behaviors, with NELLIE as an example. NELLIE’s modularization of the
generation and discrimination of candidates allows us to diagnose paths towards
further improvements.

Better Entailment Filters: This work considers mechanisms for improving the
generative components of our entailment engine: retrieval- and template-conditioned
generation as a means to guide search towards factbase-rooted proofs. Future work can
consider improved discriminative components that are less likely to accept improper
entailment hops. Improved filters would also improve search efficiency, as much of
NELLIE’s budgeted time is spent exploring the branches created by ungroundable
subqueries. Beyond using larger and stronger model architectures, improvements
to the RTE classifiers might come from constructing domain-relevant training sets

containing informative negative examples. Tafjord et al. (2022) suggest one form of

96



CHAPTER 3. NELLIE: A NEURO-SYMBOLIC ENTAILMENT ENGINE

this approach, having their inference model generate proofs of incorrect statements
intentionally so that the resulting inference hops can be labelled for acceptability by
workers. In Chapter 4, we will explore this avenue in depth, considering a careful
protocol for annotating correct and incorrect decompositions generated by the model.
Another avenue for improvement might be through a version of dataset
inoculation (Liu et al., 2019) or logic-guided data augmentation (Asai and Hajishirzi,
2020) stemming from the identification of improper reasoning patterns such as the
property inheritance error described above. If these error patterns can be cheaply
annotated or instantiated, we can train the classifiers to better identify when to filter
them out.
Faster, Smarter Search Strategies: Here we employed breadth-first proof
search, making iterative calls to a text generation module that can take multiple
seconds. Template-conditioned generation, which improves the quality of the search
horizon, takes even longer.'® Future work can consider more sophisticated methods
for candidate selection, so as to make better use of the time budget. The TREEWISE
search algorithm described in Chapter 4 represents an overhaul of the NELLIE logic
towards this end.
Making More Questions Groundable: NELLIE performs more effectively at QA
on the subset of ARC (EntailmentBank) for which there exists a gold explanation

tree fully grounded in WorldTree facts, thus guaranteeing that one eixsts. This leads

Imposing our timeout of 180s does not give the system adequate time to explore its entire
generated search horizon, as it times out around 7% of the time for correct statements.
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to the question: how to increase the coverage of the system’s factbase so that more
questions can be considered “groundable” This is part of the motivation for the project
discussed in Chapter 6, in which we explore ways to automatically extract discrete,
NL textual knowledge representations in order to improve reasoning in new domains.
Noisier Knowledge Sources: The WorldTree knowledge store and EntailmentBank
dataset provide a perhaps uniquely tight marriage between a set of questions and the
underlying pieces of knowledge needed to answer them; the annotators of WorldTree
crafted the datastore specifically to contain only the exact set of facts needed to answer
the corresponding questions, no more and no less. Because there is a question related
to lions being mammals, the fact “lions are mammals” is in WorldTree, yet “tigers are
mammals” is not. WorldTree thus, in a sense, might give away strong hints about the
correct answers to questions based on the facts that are present versus those that are not.
When I tried NELLIE out on the full ARC-Challenge split (containing mostly questions
not in either WorldTree or EntailmentBank), performance plummented. This is also
reflected by the fact that extending the retrieval index to contain the user-provided facts
that appear as leaves in EntailmentBank, we observed a substantial boost in hypothesis
grounding and QA performance, and did so again in Figure 3.8 on the OBQA dataset
when we added the corresponding knowledge statements. This study thus shows that if
the knowledge is stored in the corpus, NELLIE can find it, but it can flounder otherwise.
But what about a corpus for which we don’t know whether the facts are there? Or a

corpus that was created completely separately from the QA dataset, thus providing
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no guarantees about coverage? In later chapters, I explore using Wikipedia, a general
encyclopaedic knowledge source, instead of WorldTree; Wikipedia is full of dense prose
containing a wide swath of useful information for ARC and similar datasets, but also a
lot of text completely irrelevant to QA. NELLIE’s forced-decoding approach to retrieval-
conditioned decomposition generation is unlikely to succeed on this corpus, leading
me to explore a new instance of the entailment engine framework that has this ability.
Multimodal Knowledge Sources: NELLIE’s use of neural models for encoding
facts flexibly allows it to reason over NL text rather than symbols, and opens the
door to reasoning over a wider variety of knowledge sources than were available to
traditional symbolic reasoners. Yet, in this work we have only considered reasoning
over a single knowledge source, WorldTree (and other facts from OpenBookQA), and
a single medium: text. Yet, neural modeling in other domains such as computer vision
and speech processing have shown that neural encoders can represent and reason over
these other modalities. In Sanders et al. (2024b), we build upon the NELLIE framework
to explore the application of entailment tree search algorithms to multimodal video
question answering, combining evidence from both visual and textual information.
We achieve state-of-the-art performance on zero-shot VideoQA tasks while providing
interpretable reasoning traces. Future work could explore the application of NELLIE

to other mixtures of modalities beyond text and video.
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Recent language models enable new opportunities for structured reasoning with
text, such as the construction of intuitive, proof-like textual entailment trees without
relying on brittle formal logic (Tafjord et al., 2022; Weir et al., 2024a). The previous
chapter introduced NELLIE, a first instantiation of this idea using one generation of
neural sequence and retrieval models. However, progress in this direction has been
hampered by a long-standing lack of a clear protocol for determining what valid
compositional entailment is, which causes noisy datasets and limited performance gains
by modern neuro-symbolic engines. To address these problems, this problem makes two
contributions. In this chapter we! formulate a consistent and theoretically grounded
approach to annotating decompositional entailment and evaluating its impact on LLM-
based textual inference. We create a new dataset, RDTE (Recognizing Decompositional
Textual Entailment), that has a substantially higher internal consistency (+9%) than
prior decompositional entailment datasets, suggesting that RDTE is a significant
step forward in the long-standing problem of forming a clear protocol for discerning
entailment. We then show that RDTE reveals shortcomings in the ability of current

neural models to recognize which decompositions humans will consider valid.

!This chapter will use the first person plural (we) instead of the singular. This is inspired by
tradition (Napoles-Cohen, 2019; Rudinger, 2019; Knowles, 2019; Poliak, 2020) and a desire to
recognize the contributions of my collaborators in the project that this chapter describes.
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Q: The Moon is in orbit around Earth. What keeps the Moon from
changing its orbit? (A) friction (B) gravity (C) weight (D) rotation

Hypothesis: Gravity keeps the Moon from changing its orbit

around Earth.
A
Decomposition 1: J
?{ the moon is in orbit around the earth

gravity keeps objects in orbit from changing their orbit
Decomposition 2:

gravity causes objects to orbit x

objects in orbit do not change their orbit

a person weighs less on the moon

? ~?

(A) Normal Annotation Protocol ﬁ ﬁ

valid Entailment? o X | => ,
|
(B) RDTE Faceted Protocol ﬁ ﬁ
X

Relevant? X
Not Redundant? JJ :>x
Acceptable? X X

Sufficient? X X

Figure 4.1: (Upper) Two hypothesis decompositions suggested by an LLM. The first
makes an argument that is generally acceptable to a human. The second contains

and another that is irrelevant to the entailment. Recognizing
such an invalid decomposition is core to recent neuro-symbolic reasoning algorithms,
but LLMs struggle at the task. (Lower) Ambiguous definitions of entailment have
hampered progress in annotating data to improve the models. We find that a faceted
definition yields both a clean dataset (RDTE) and significant downstream task
improvements.

4.1 Motivation and Overview

Textual inference using entailment trees has emerged as a promising avenue for

explainable Al in domains requiring complex reasoning (Dalvi et al., 2021; Bostrom
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et al., 2022). Inspired by classical symbolic reasoners that produce proof trees of
a hypothesis, recent entailment tree systems (e.g. NELLIE (Weir et al., 2024a) or
IRGR (Ribeiro et al., 2022)) explain a hypothesis by constructing, via an LM-based
generative search algorithm, a tree of recursive natural language (NL) decompositions
whose children entail their parents. Entailment trees provide a natural and granular
medium for explaining complex multi-step decisions to users and create opportunities
to ground reasoning to large NL knowledge corpora (Weir et al., 2024a).

Entailment tree reasoners are most useful to humans if they are right for the
right reasons: They not only give correct answers, but each tree step is a valid
deduction supporting its hypothesis. While some tree generators leverage classifiers for
recognizing textual entailment (RTE; Dagan et al. (2005)) to identify which hypothesis
decompositions are illogical and should be discarded (Yang et al., 2022), it is still
common for systems to arrive at the correct conclusion while presenting a flawed
decomposition, or to accept incorrect conclusions based on faulty logic. Thus, the
task of recognizing decompositional textual entailment is a major barrier to progress
on tree-based reasoners.

Work on entailment trees has largely avoided this critical question of reasoning
validity. Existing evaluations focus on tree reconstruction (Ribeiro et al., 2023) and
QA performance, avoiding considerations of whether the quality of model-generated
trees aligns with the accuracy of the answers. This is largely because reasoning

quality is difficult to assess. Evidence suggests humans think of deductive validity
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less stringently than formal symbolic axioms; they accept explanations that are
more or less incomplete (Sulik et al., 2021; Tan, 2022). Attempts to annotate
datasets (Tafjord et al., 2022; Clark et al., 2023) consequently suffer from inconsistent
labels, as opinions differ between annotators over what constitutes validity. Without
careful instruction, it is hard for annotators to determine where to set their threshold
for acceptability on the spectrum from “strict deductive inferences” to “fallible
common-sense inferences” (Gubelmann et al., 2023). Thus, asking for a single binary
decompositional entailment judgment yields a difficult and noisy annotation task
(Figure 4.1, (A)). This leads us to pursue a more consistent protocol for measuring
the goodness of one decomposition over another.

The existing discourse surrounding NLI (e.g., Manning (2006)) has not touched
on the sort of decompositional entailments encountered in a recursive tree search
algorithm. Towards addressing this gap, we propose an evaluation centered on the
notion that a valid decomposition is a valid argument for why the hypothesis
should be believed. We take inspiration from the “Relevance, Acceptability, and
Sufficiency” criteria for a logically good argument developed in the field of informal
logic (Johnson and Blair, 1977; Groarke, 2022), and design an approach to assessing
entailment in a principled manner. We annotate items on ordinal scales targeting
different facets of argument analysis, yielding a well-defined and consistent process.
We use this protocol to collect over 1000 expert annotations. Through experiments,

we find that models trained on previous compositional entailment datasets and LLMs
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like GPT fall short of human performance on the dataset, which we term RDTE
(Recognizing Decompositional Textual Entailment).

We also find that our annotation protocol can serve as a powerful LM prompting
mechanism: Given the same instructions as our human annotators, GPT-4 (OpenAl,
2023) can serve as a “teacher” in a knowledge distillation pipeline that annotates
reasoning traces extracted from a tree search algorithm and produces strongly
performing student models. For this purpose, we released a large artifact (24K
items per domain) of GPT-4’s annotations. We illustrate the effectiveness of student
models trained via this pipeline as the linchpin of TREEWISE, a novel entailment tree
engine that performs hypothesis proving via decompositional entailment search. Our

contributions are thus:

e A new entailment challenge set, RDTE, crafted via an informal logic-inspired

protocol, tasking models to validate hypothesis decompositions

e A knowledge distillation pipeline that teaches student models to discriminate

what and why decompositions are invalid in a given domain.

e A new entailment tree-generating inference engine, TREEWISE, which
outperforms existing tree-based QA methods while generating higher-quality
trees in the process. This engine shows to benefit from RDTE knowledge

distillation.
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4.2 Decompositional RTE

4.2.1 Task Definition

An entailment tree comprises one or multiple hypothesis decompositions. Each
constitutes one instance of decompositional RTE, which we define as follows: Given
the question @, hypothesis h, and premises [p1, ..., p,], would proving the premises
be contextually sufficient to prove h?

As described below, we collect different ordinal scores for each item using criteria
from informal logic. Each facet informs the ultimate sufficiency label, for which we

evaluate models in §4.5.

4.2.2 Background: RAS Criteria

The field of informal logic (Groarke, 2022), similarly to much of NLI research,
develops from the idea that formal deductive logic is unsuitable for the analysis of real-
world argumentation. One stated goal is to “develop standards, criteria and procedures
for the interpretation, evaluation and construction of arguments and argumentation
used in natural language.” (Blair and Johnson, 1987). A seminal framework developed
by informal logicians to replace strict deductive logic criteria is known as RAS:
Relevance, Acceptability, and Sufficiency (Johnson and Blair, 1977). Much like

RTE work, RAS assesses whether a hypothesis can be accepted on the basis of a
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list of premises. Noting that each element is subject to substantial academic debate
(different systems of informal logic define them differently), we review each criterion
as we interpret them for this work:

Relevance of premise A concerning conclusion B is defined as whether the truth of A
makes a difference to the truth of B. (Blair, 2012). The extent of this difference can
vary; e.g. whether (A) “the earth has oxygen” is true technically has relevance to (B)
birds can fly (since birds breathe oxygen), but is less relevant than (A’) birds have
wings. Relevance is of particular interest to a recursive reasoner, as one would not
want to waste time proving an irrelevant statement like (A) when proving (B).
Acceptability of a premise is normatively “worthy of acceptance,” which can mean
either its ostensible truth value or-—in the absence of universal factuality—that in the
relevant context, the arguer and the argument recipient accept it to be true. This
introduces a hiccup for recursive reasoning algorithms, for which the factuality of
a decomposition’s premises is commonly determined via search after validating the
decomposition itself. We ultimately choose to annotate one subset of RDTE for
premise factuality while not doing so for the other.

Sufficiency is “the property of an argument’s premises of supplying all the grounds
that are needed to make it reasonable to believe its conclusion.” (Johnson and Blair,
1977). This is left intentionally vague; Blair (2012) notes “the criterion of sufficiency,
for justificatory arguments, is best seen as a placeholder for whatever version and

standards of sufficiency are appropriate for the particular situation in question.” In this
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way, we should consider sufficiency to be a question and problem-specific criterion: the
grounds for valid entailment are inherently domain-specific. Blair (2012) notes
the dependent relationship between sufficiency and the other two criteria: sufficient

presumes acceptability and relevance.

4.2.3 Implementing RAS for RTE Annotation

We draw inspiration from these criteria to construct a protocol that investigates a
decomposition like the ones shown in Figure 4.1 for each RAS component in turn. An
important aspect of these normative terms is that they are all scalar: a premise can
be more or less relevant and acceptable, and the sufficiency of an argument composed
of premises could always be strengthened by adding more premises. In a departure
from works such as Tafjord et al. (2022) who collect binary factuality and “reasoning
correctness” judgments, we collect RAS judgments on an ordinal scale (Zhang et al.,
2017) from 1 to 5, where each score is assigned a specific set of conditions. We also
collect an ordinal judgment for redundancy, which is not strictly a component of
RAS assessment; we observe that redundant premises are particularly problematic
for entailment tree search, as proving the same information twice wastes the search

budget. We implement redundancy as “conditional irrelevance”

e If removing a premise in isolation doesn’t change the extent of the entailment,

then it’s irrelevant.
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e If removing a premise in the presence of the other decomposition premises does

not change the extent of the entailment, then it’s redundant.?

The sufficiency label most directly resembles that of a typical RTE label, and is what
we evaluate models on in later sections. Following Blair (2012)’s observation, the
sufficiency judgment is higly dependent on the other criteria; our annotation directions,
found in §4.4, include a substantial list of 30+ conditions around a decomposition
that indicate what the sufficiency score should be based on other criteria scores, e.g.
“Did you give any fact a 3/5 or lower for redundancy, factuality, or relevance? (Yes =

max 4 sufficiency)”.

4.3 Data Collection

We seek to construct a dataset of decompositional entailment judgments that
are of the kind that a reasoning system might come across while performing QA.
Following Tafjord et al. (2022), we found it apt to annotate decompositions generated
during a model’s reasoning search traces over training questions. We use the backward
chaining process of the tree search algorithm TREEWISE, which is introduced in §5.2.
Each item is a hypothesis and a set of 2-3 premises that the model proposes might
conjunctively entail the hypothesis in the context of a given question. To collect a

representative sample of hypotheses, we pull from three classes:

2An irrelevant premise is thus by definition also redundant.
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1. Top-level correct hypotheses representing the right answer options for
multiple-choice questions. These are important to annotate so that models are

right for the right reasons.

2. Recursive correct hypotheses LLM-generated to decompose the top-level

correct hypotheses

3. Top-level incorrect hypotheses representing the incorrect answer deemed
closest to correct by GPT-4. These are important to annotate so that models

are not wrong for the wrong reasons.

We collect a mixture of GPT-4 and ChatGPT-generated decompositions using a
suite of different styles of prompts described in §5.2.2. We generated decompositions
for hypotheses® in two task domains: multiple choice science QA in ARC (Clark et
al., 2018) and multi-hop QA over Wikipedia in HotpotQA. While Hotpot questions
are constructed over public world knowledge, the esoteric individual facts (e.g. the
birth year of some actor) are not common knowledge among humans, and it would
be a stretch for the audience of an argument made by a Hotpot decomposition to
be expected to know each premise’s factuality. We thus do not annotate Hotpot

decompositions for factuality, but annotate the other facets as normal.

3We created hypotheses by declarativizing (Demszky et al., 2018) answer options using GPT-4.
For HotpotQA, we first had GPT-4 synthesize incorrect answer options.
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4.3.1 Annotation Process

I and three coauthors (Kate Sanders, Shreya Sharma, Dongwei Jiang), all highly
proficient or native English speakers, annotated 1000 decompositions total with two-
way redundancy. I annotated all items. We first annotated several examples together
to develop a list of 30+ condition checks that indicate certain RAS scores. We then
annotated the rest of the dataset independently.

While the dataset is annotated for sufficiency on a 5-point scale, we found a
threshold of > 4 fitting to evaluate models under binary entailment metrics. This
corresponds to items for which the only acceptable flaws are (A) a 3rd redundant
premise in an otherwise perfect 2-premise entailment or (B) minor missing information
that does not affect lay reasoning. To arrive at a single clean entailment label
for evaluation, we reconciled disagreements by discussing all items for which its
two annotated sufficiency scores were on either side of 3.5. The vast majority of
disagreements were due to human error, e.g., missing a condition or not recognizing a

particular flaw in reasoning.

4.4 RDTE Annotation Instructions

Figure 4.2 shows the rubric and condition lists for evaluating premise-specific facts
(relevance, factuality, redundancy). Figure 4.3 shows the rubric and condition list

for annotating sufficiency. These are ARC-specific lists; we constructed a similar but
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slightly different version for HotpotQA.

Factuality How factual is the fact? 1 is completely false, 5 is completely true.

Relevancy How relevant is the fact to helping decompose the conclusion? An irrelevant fact is one that
either does not address a key aspect of the conclusion, introduces irrelevant information, or is
otherwise unnecessary should be scored lower in relevance. 1 is completely irrelevant, 5 is
completely relevant. If the fact is situationally relevant to the conclusion, but contradicts it,

you should still score it 5.

Redundancy Does the fact introduce new information that is not already contained in other facts in the
decomposition? 1 is completely redundant, e.g., the third fact completely restates the first

one, and 5 is completely new information. Sometimes,

one of the facts directly restates the

entire conclusion by itself, which should be marked with the checkmark only and

should not affect the numerical score. Otherwise,

in the conclusion are acceptable and strictly necessary.

facts including information included

Factuality Questions to Ask Yourself

Is a fact ambiguously grounded in the question context in a way that does
not affect the reasoning? (e.g. the fact “two sticks are rubbed together”
in the question “what is an example of a force producing heat? (A) two
sticks rubbed together, ...”)

This is acceptable and can be 5/5
factuality

Is a fact true in nearly all cases except extreme ones that don’t pertain to
the question?

Relevancy Questions to Ask Yourself

Is a fact not on topic? (“on topic” is defined as containing nouns or entities
that appear in the hypothesis)

Does there not exist some (potentially over-pedantic) decomposition in
which the given fact would be necessary to complete the entailment?

‘ (Yes = max 2 relevancy)

Would removing an on-topic fact in isolation not change the extent to
which the conclusion is supported?

‘ (Yes = 2 relevancy)

Would removing an on-topic fact in isolation minimally change the extent
to which the conclusion is supported?

‘ (Yes = 3 relevancy)

Redundancy Questions to Ask Yourself

Is a fact a paraphrase of another fact?

Does a given fact add entailment in isolation, but if you removed the fact
conditioned on the rest of the facts, it would not change the extent
to which the conclusion is supported?

(Yes = max 2 redundancy)

Does a fact restate information in the question text (not the conclusion)?

This is acceptable. Only check for
restatements of other facts and/or
the conclusion. Restatement of
the question text, especially to cite
evidence, is fine.

Figure 4.2: RDTE annotation guidelines for premise-specific qualia in ARC.
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1 (Malformed Completely incorrect logic, or contains a fact that contradicts the conclusion, or malformed facts (not

or complete sentences), or inter-fact pronoun references (e.g. “this” or “that” or “such”).
Nonsensical)
2 (Poor) Any two of the following: (1) some nontrivial amount of redundancy, (2) one irrelevant fact (2/5 or

lower), (3) missing/implicit information that makes deducing the conclusion impossible without a
substantial leap in logic. Would not convince a human of the conclusion.

3 Generally coherent and correct, but there is some significant flaw. E.g., one of the facts is untrue
(Moderately but if it was true the proof would be correct.

Correct)

4 (Mostly Slight redundancy or missing/implicit information, but not to the point that it should
Correct) substantially impact a human performing the reasoning.

5 (Perfect) Completely correct and sound decomposition. No redundancy and no missing/implicit information.

No ambiguous language. Addresses all conditions required to infer the conclusion. Does not leave
anything implicit.

Questions to Ask Yourself

Are any of the premises not well-formed? (no fragments, no 1 sentence that was split into two non-
sentence parts)

Do the premises together or individually contradict the conclusion instead of supporting it?

Are there between-premise pronoun references (‘this’, ‘that’, ‘such’) whose antecedent would be
ambiguous without the other premises?

Are there any conjunctive adverbs like “therefore" or “thus"?

Are all premises irrelevant, off-topic, or not contributing any correct logic? (e.g. all 1’s for relevance,
or removing all of them would not change the extent of the entailment)

(Yes = likely
max 3)

Are the premises all evidence statements entailed by the question context and nothing else?

Is one of the facts not true, but if it were then it’d be a perfect entailment?

Does any premise essentially restate the conclusion without adding/removing any information? ‘ (Yes = max 2)
Are there at least two of the following? (1) redundant fact, (2) untrue fact, (3) irrelevant fact, (4) | (Yes = max 2)
missing information

Is the conclusion assuming an effect that isn’t directly linked to the cause, or overlooking more | (Yes = max 2)
immediate effects?

If you removed all redundant or irrelevant (3/5 or lower) facts, would there be only one fact remaining | (Yes = max 2)
and not full entailment?

Is there any amount of logical error present? ‘ (Yes = max 2)
Did you give any fact a 2/5 or lower for factuality or relevance? ‘ (Yes = max 3)
Does proving one premise amount to proving all of the others? ‘ (Yes = max 3)
Are the premises all factual and relevant, but there is a part of the conclusion (e.g. something non- | (Yes = max 3)
common-sense or a thing that a 10-year-old would not intuit in the context of the question) that is

not stated or explained?

If you removed all redundant or irrelevant (3/5 or lower) facts, would there be only one fact remaining? | (Yes = max 3)

(Yes = 3)

Figure 4.3: RDTE annotation guidelines for annotating sufficiency in ARC (continued
on next page).
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Questions to Ask Yourself

Did you give any fact a 3/5 or lower for redundancy, factuality, or relevance? (Yes = max 4)

Are there two separate arguments being partially/mostly made to support the hypothesis, but | (Yes = max 4)

one/both is missing some implicit premises?

a minor reason (e.g. a common sense-y fact that would have been inferred by a 10-year-old in the
context of the question)

(Yes = 4)
(Yes = 5)

Do two of the facts perfectly entail the conclusion, but the third is essentially redundant?

Are the premises all factual and relevant, but the conclusion does not follow from the premises for | (Yes = max 4)

Is the conclusion irrelevant to the question, but the entailment supports the conclusion perfectly?

99

Does the question ask something along the lines of “which is the best...?” and the entailment doesn’t | Treat it like

mention the other answer options? the “best” is not
there
Do the premises not properly entail the conclusion for some other reason? Reach out to us

for clarification

Is one premise P1 an effective paraphrase of the hypothesis H, but another premise P2 serves as | Ignore the
lexical grounding between P1 and H? paraphrase =
max 2 rule

Figure 4.4: (Continued) RDTE annotation guidelines for annotating sufficiency in

ARC.

4.4.0.1 Comparison to Existing Data

Prior to reconciling disagreements, we measured raw annotation agreement and
compared it to recent attempts to collect decompositional entailment labels. Tafjord et
al. (2022) collected annotations for 3.7K decompositions generated by Entailer, while
Clark et al. (2023) did so for 24.4K items generated by GPT3.* The instructions
given to annotators for these datasets are very high-level, simply asking whether the
“reasoning goes wrong.” We believe this creates a much lower threshold for acceptability
than the RDTE protocol; these datasets are majority labeled “entailment,” but on
manual inspection, we found numerous items that exhibited redundant, irrelevant,

and fallacious arguments.

4The BaRDa dataset comprises a specifically filtered subset of these two datasets that exhibit
maximal annotator agreement. We obtained the pre-filtered data from the authors for the purposes
of comparison with our work.
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Nevertheless, RDTE has a higher internal annotator consistency rate than these
datasets, with a raw agreement rate 9% higher and Krippendorf o 19 points higher

than the previous best.

RDTE (ours) Entailer GPT3

Raw agreement .79 .70 .61
Krippendorf « .53 34 31

Table 4.1: Agreement statistics in RDTE compared to existing decompositional RTE
datasets.

4.4.1 RDTE Analysis

Figure 4.5 depicts the breakdown of sufficiency labels within the RDTE ARC
(267) and Hotpot (775) decompositions. While the ordinal scores are relatively well
distributed, only 27% of the dataset is labeled a 4 or 5, creating a large binary label
imbalance. This statistic highlights the importance of performing well on this task: 3
out of every 4 decompositions generated by ChatGPT and GPT-4 did not pass our

sufficiency rubric.
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Figure 4.5: Distribution of the 1000 entailment labels in RDTE. Instead of binary
entail /non-entailment, we annotate on a 5-point ordinal scale. To evaluate binary
judgment models, we treat >4 as positively labeled.

49% of RDTE items had at least one premise rated as irrelevant (< 3/5); 36%
had at least one rated as redundant. 28% of the items with a factuality rating had
at least one nonfactual premise. We note that none of the incorrect ARC hypothesis
decompositions were labeled as sufficient; this highlights that the RDTE protocol,
when including the factuality facet, does a comprehensive job of systematically ruling
out decompositions for which there is necessarily some issue (else the hypothesis
must be correct). Contrastly, there are positively-labeled decompositions of incorrect
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hypothesis for Hotpot, because we did not annotate for factuality. There are thus

decompositions that, were their premises true, would entail a wrong hypothesis.

Fa Rel Red

Q: The 2005 film Remedy featured Frank Q: Vincent from The
Sopranos and several mob movies by which acclaimed director?
(A) Jonathan Demme, (B) Martin Scorsese, (C) Ralph De Vito,
(D) Steven Hilliard Stern

H: The 2005 film Remedy featured Frank Vincent from The
Sopranos and several mob movies by the acclaimed director Ralph

De Vito.
P1: Frank Vincent appeared in The 2005 film Remedy. — 5 5
P2: Frank Vincent appeared in The Sopranos and several mob - 5 5
movies
P3: Ralph De Vito directed several mob movies. - ) )

Sufficiency: 3. The facts are relevant and nonredundant, but
they do not link the mob movies by De Vito to those that
featured Vincent. Substantial missing information is a 3.

Q: Which process best explains how the Grand Canyon
became so wide? (A) folding, (B) erosion, (C) deposition, (D)
sedimentation
H: Erosion best explains how the Grand Canyon became so wide.
P1: Changes in the Grand Canyon’s landscape include becoming 5 5 5
wider.
P2: Erosion is one of the processes that can change a landscape.
P3: The Grand Canyon is a landscape. 5 3 5
Sufficiency: 2. The facts are relevant and nonredundant,
but they do not establish a direct causal relationship between
erosion and the Grand Canyon becoming wider. Removing
P3 does not strongly impact the extent of the entailment.
Redundant P + missing information is a 2.

Q: Is Ordos City more west than Yangzhong? (A) No, (B)

Same longitude, (C) yes

H: Ordos City is located in the western part of China.
P1: Ordos City is predominantly rural. - 3 5
P2: Predominantly rural areas in China are often found in the - 3 5

western part of the country.

Sufficiency: 2. The argument commits a fallacy of division

by assuming that because predominantly rural areas in China

are often in the west, Ordos City, being rural, must also be in

the western part. This reasoning does not adequately support

the conclusion without specific geographic evidence. Fallacious

reasoning and irrelevant premises is a 2.

[
(@3
(@3

Figure 4.6: Example RDTE annotations.
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4.5 RDTE Evaluation

We elicit sufficiency judgments over the 1000 gold-annotated RDTE items using
a series of methods based on the RDTE protocol and existing methods for judging
decompositional entailment. We test them on the gold sufficiency scores converted to
binary labels by assiging 4 and 5s to positive entailment. Factuality, relevance, and
redundancy predictions were not directly evaluated. We turn off this functionality for
the Hotpot subset of RDTE for methods that provide factuality judgments as part of
their inference process (this entails either rewriting a prompt or not making a second

model call).

4.5.0.1 GPT Methods

We test the following prompt-based methods, using both GPT-4 and ChatGPT.5

All prompts can be found in the appendix.

e An ICL prompt containing the RDTE annotation rubric and 4 example batches
(10-15 decompositions per hypothesis) and a Zero-Shot prompt containing only

the RDTE rubric.

e The prompts used by Clark et al. (2023) to evaluate models on the BaRDa
dataset. These are separate prompts for the entailment and premise factuality

judgments (see Figure 4.10).

5gpt-4-0613 and gpt-3.5-turbo-1106
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4.5.0.2 Existing Methods

We test various RTE models from recent entailment tree-based reasoners: the T5-
based Entailer-11B (Tafjord et al., 2022) and the similar NELLIE-3B model (Weir
et al., 2024a), as well as the fine-tuned RoBERTa classifier used by the NELLIE system
as an entailment filter. We also take an off-the-shelf (OTS) RoBERTa finetuned for

NLI using a suite of 600 datasets® that includes QASC (Khot et al., 2020) and ARC.

4.5.0.3 Knowledge Distillation on Silver Data

Search algorithms like TREEWISE make hundreds of calls to NLI models for every
question, making large, slow models like GPT-4 unrealistic for use as an entailment
filter. We instead explore using knowledge distillation to train smaller student models
to imitate GPT-4’s performance. We extracted 24K RDTE judgments from GPT-4
over 2.3K hypotheses in each of the ARC and Hotpot domains. We release these large
silver datasets for future work.”

We used the silver data to fine-tune (A) the RoOBERTa model used in the NELLIE
engine, and (B) ChatGPT using OpenAl’s fine-tuning API. We trained the former
to predict the binarized silver sufficiency judgments and the latter to replicate GPT-
4’s exact answers to the RDTE prompt. For token efficiency, the GPT-4 teacher

and ChatGPT student perform classification over a batch of decompositions for a

Shuggingface.co/sileod /deberta-v3-large-tasksource-nli
"GPT-4 obtains a .61 and .44 Spearman p with humans on the ARC and HotpotQA RDTE splits,
respectively.
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single hypothesis in each prompt.® We train the ChatGPT student for 5 epochs
using the OpenAl fine-tuning API, and the RoBERTa student for 10 epochs using the
SentenceTransformers library (Reimers and Gurevych, 2019). We trained separate

student models on 18.3K ARC decompositions and on 20.4K Hotpot ones.

RDTE judgment prompt:
You are a reasoning system that searches for proofs of a hypothesis by recursively decomposing it into simpler premises.

Given a question and a hypothesis, you give a list of possible decompositions of the hypothesis into premises such that proving the list
of premises would amount to proving the hypothesis through compositional entailment. The hypothesis might represent an answer to
the question ,or it might represent a recursive query. However, many of the decompositions are incorrect, and you must identify
which ones are correct and which ones are incorrect. For the following question, hypothesis and list of premise decompositions,
score each decomposition according to the following rubrics:

You will first score each premise on a scale of 1 to 5 for each of the following qualia:

Factuality: How factual is the premise? 1 is completely false, 5 is completely true.

Relevance: How relevant is the premise to helping explain the hypothesis? 1 is completely irrelevant, 5 is completely relevant.

Redundancy: Does the premise introduce new information that is not already contained in other premises? 1 is completely redundant, i.e.
completely restating another premise or the hypothesis, 5 is completely new information.

You will then judge whether the decomposition as a whole constitutes a complete inference, on a scale of 1 to 5 using the following
rubric:

1 (malformed or nonsensical): Completely incorrect logic, or contains a premise that contradicts the hypothesis, or malformed instances,
or inter-premise pronoun references (E.g. a "this" in premise 2 that refers to premise 1).)

2 (poor): Some nontrivial amount of redundancy, one irrelevant fact, and/or missing information. Would impact a human performing
reasoning.

3 (moderately correct): Generally coherent and correct, but there is some significant flaw. (E.g., one of the facts is untrue but if it
was true the proof would be correct.)

4 (mostly correct): Slight redundancy or missing information, but not to the point that it should substantially impact a human performing

the reasoning.
5 (perfect): Completely correct and sound decomposition. No redundancy and no missing information. No ambiguous language.

You are renowned for your stringent eye. There should be minimal "information loss" between the hypothesis and the premises; you are
looking for strict entailment. YOU RARELY GIVE A 5

Finally, you will provide an explanation for your judgment. Your explanation should justify any non-perfect scores you have given for
factuality, relevance, and redundancy. In other words, explain why you gave a premise a certain score based on the information in
the premise and its relation to the hypothesis.

For the complete inference score, explain why the conjunction of premises either does or does not amount to a complete and correct proof
of the hypothesis. If there were issues with the complete inference, identify what information was missing or what logical errors
were made. Your explanation should be clear and concise, providing valuable insight into your scoring process

Your output should be serialized json items, one per line, and nothing else.

Figure 4.7: Directions used to extract RDTE judgments from instruction-tuned models.
The zero-shot prompt used for knowledge distillation contains these instructions but

no in-context learning exemplars, which are shown in the following pages and used by
methods Table 4.2 that are followed by “(ICL)”.

8Batching barely affects performance on RDTE (Table 4.2).
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RDTE judgment prompt (continued):

QUESTION 1:
Which of the following items conducts electricity? (A) a lego brick, (B) a suit of armor, (C) a wooden table, (D) a T-shirt

HYPOTHESIS 1:
A suit of armor conducts electricity

DECOMPOSITIONS 1:

(1) a suit of armor is made of iron AND iron is a metal

(2) armor is made of metal AND metal conducts electricity

(3) armor cannot be punctured AND iron conducts electricity

(4) armor is made of iron AND iron is a metal AND metal conducts electricity

(5) armor is an object AND objects conduct electricity AND armor is an object that is made of metal

(6) a wooden table is made of wood AND wood conducts electricity

(7) conductivity is the degree to which a material conducts electricity AND conductivity is measured as the ratio of current density to
the electric field that causes the flow of current.

(8) an item conducts electricity if the material that it is made of conducts electricity AND metal conducts electricity

(9) a suit of armor is made of iron AND iron is a metal AND conductivity is measured in Siemens per meter

(10) metal conducts electricity AND a suit of armor conducts electricity

JUDGEMENTS 1 (10 items):

{{"index": 1, "factuality": [4, 5], "relevance": [5, 5], "redundancy": [5, 5], "complete_inference": 2, "explanation": "The fact that
armor is made of iron and iron is a metal does not necessarily mean that armor conducts electricity."}}

{{"index": 2, "factuality": [5, 5], "relevance": [5, 5], "redundancy": [5, 5], "complete_inference": 5, "explanation": "Properly
identifies that armor is made of a type of material (metal) that conducts electricity."}}

{{"index": 3, "factuality": [5, 5], "relevance": [1, 5], "redundancy": [5, 5], "complete_inference": 2, "explanation": "The fact that

armor cannot be punctured is irrelevant to whether armor conducts electricity."}}

{{"index": 4, "factuality": [3, 5, 5], "relevance": [5, 5, 5], "redundancy": [5, 5, 5], "complete_inference": 4, "explanation":
identifies that armor is made of a material (iron) that is a type (metal) that conducts electricity, but armor is not always made
of iron."}}

{{"index": 5, "factuality": [5, 2, 5], "relevance": [3, 3, 5], "redundancy": [1, 5, 5], "complete_inference": 3, "explanation": "Not all
objects conduct electricity, so the premise 'objects conduct electricity' is an overgeneralization."}}

{{"index": 6, "factuality": [5, 1], "relevance": [1, 2], "redundancy": [5, 5], "complete_inference": 2, "explanation": "The premises are
about a wooden table, not referencing a suit of armor, and wood does not conduct electricity."}}

{{"index": 7, "factuality": [5, 5], "relevance": [1, 1], "redundancy": [5, 5], "complete_inference": 2, "explanation": "The premises are
about the general concept of conductivity, not specifically about a suit of armor or metal."}}

{{"index": 8, "factuality": [5, 5], "relevance": [5, 5], "redundancy": [5, 5], "complete_inference": 3, "explanation": "Does not include
that a suit of armor is made of metal"}}

{{"index": 9, "factuality": [5, 5, 5], "relevance": [5, 5, 1], "redundancy": [5, 5, 5], "complete_inference": 2, "explanation": "the
measurement of conductivity in Siemens per meter is unnecessary to prove that a suit of armor conducts electricity."}}
{{"index": 10, "factuality": [5, 5], "relevance": [5, 5], "redundancy": [5, 1], "complete_inference": 2, "explanation": "Second premise

restates the hypothesis"}}

QUESTION 2:
Natural selection cannot occur without (A) competition for unlimited resources. (B) gradual warming of Earth. (C) genetic variation in
species. (D) asexual reproduction in species.

HYPOTHESIS 2:
Natural selection cannot occur without competition for unlimited resources.

DECOMPOSITIONS 2:

(1) Competition for resources can lead to individuals with favorable traits reproducing more AND Natural selection is the process where
organisms with favorable traits are more likely to reproduce

(2) Competition is a natural occurrence when resources are limited AND Unlimited resources can lead to an absence of competition AND
Without competition, there's no natural selection

(3) The limited availability of a required resource can make survival and growth difficult for a species AND if an organism survives

competition for resources then this organism will survive / reproduce for natural selection
competition for resources is a selection pressure AND in nature, resources are limited AND natural selection occurs when there is
competition for resources

(5) competition for unlimited resources is necessary for natural selection to occur AND limited availability of a required resource can
make survival and growth difficult for a species

(6) natural selection requires competition for unlimited resources AND the survival of species depends on available resources and lack of
competition

(7) competition for unlimited resources is a form of competition that drives natural selection AND natural selection is the process by
which organisms with beneficial traits survive competition to reproduce and pass on those traits

(8) The survival of species depends on available resources and lack of competition AND limited availability of water can be a selection
pressure leading to evolutionary adaptations AND without photosynthesis, a plant cannot produce the food it needs to grow and
survive

(9) Competition for unlimited resources could be treated as a driving pressure for evolution AND Natural selection is one of the
mechanisms of evolution

(10) competition for resources is a form of competition that drives natural selection AND natural selection is the process by which
organisms with beneficial traits survive competition to reproduce and pass on those traits

(11) competition for unlimited resources provides a greater opportunity for organisms with beneficial traits to have an advantage in
survival and reproduction AND natural selection requires competition for resources in order for organisms with beneficial traits to
have an advantage in survival and reproduction

(12) The survival of species depends on available resources and lack of competition AND in nature, resources are limited

(4

<

Figure 4.8: In-context learning prompt for using the RDTE protocol (2/3)
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RDTE judgment prompt (continued):

JUDGEMENTS 2 (12 items):

{{"index": 1, "factuality": [5, 5], "relevance": [5, 5], "redundancy": [5, 5], "complete_inference": 3, "explanation": "The decomposition
does not specify the role of 'unlimited resources' in the competition."}}

{{"index": 2, "factuality": [5, 5, 5], "relevance": [5, 1, 5], "redundancy": [5, 5, 5], "complete_inference": 2, "explanation": "The
second premise weakens the hypotheses, the first premise is irrelevant, and the last premise doesn't address unlimited resources"}}

{{"index": 3, "factuality": [5, 5], "relevance": [5, 5], "redundancy": [5, 5], "complete_inference": 2, "explanation": "The decomposition
does not specify the role of 'unlimited resources' in the competition."}}

{{"index": 4, "factuality": [5, 5, 5], "relevance": [5, 2, 5], "redundancy": [5, 5, 5], "complete_inference": 2, "explanation": "The
decomposition does not specify the role of 'unlimited resources' in the competition, and premise 2 is not very relevant"}}

{{"index": 5, "factuality": [5, 5], "relevance": [5, 5], "redundancy": [1, 5], "complete_inference": 2, "explanation": "the first premise
restates the hypothesis"}}

{{"index": 6, "factuality": [5, 1], "relevance": [5, 5], "redundancy": [5, 5], "complete_inference": 2, "explanation": "The second

premise is untrue, the survival of species does not depend on a lack of competition."}}

{{"index": 7, "factuality": [1, 5], "relevance": [5, 5], "redundancy": [5, 5], "complete_inference": 3, "explanation": "premise 1 is
false."}}

{{"index": 8, "factuality": [1, 5, 5], "relevance": [1, 1, 1], "redundancy": [5, 5, 5], "complete_inference": 1, "explanation": "The
premises are about water and photosynthesis, not competition for unlimited resources."}}

{{"index": 9, "factuality": [2, 5], "relevance": [5, 5], "redundancy": [5, 5], "complete_inference": 2, "explanation": "premise 1 is
effectively untrue, and the decomposition does not explain how natural selection requires the competition for resources."}}
{{"index": 10, "factuality": [5, 5], "relevance": [5, 5], "redundancy": [3, 5], "complete_inference": 4, "explanation": "Premise 1 is

somewhat redundant given premise 2, and the decomposition does not clearly explain why unlimited resources specifically are
necessary for natural selection to occur."}}

{{"index": 11, "factuality": [1, 5], "relevance": [5, 5], "redundancy": [5, 5], "complete_inference": 3, "explanation": "premise 1 is
untrue."}}
{{"index": 12, "factuality": [1, 5], "relevance": [1, 1], "redundancy": [5, 5], "complete_inference": 2, "explanation": "The first

premise is untrue, the survival of species does not depend on a lack of competition, and the second is irrelevant to the question
of unlimited resources"}}

QUESTION 3:
The gravitational force between the Moon and Earth depends on (A) their masses, only, (B) their diameters, only, (C) their masses and how
far apart they are, (D) their diameters and how far apart they are

HYPOTHESIS 3 (RECURSIVE):
the Moon and Earth are two objects

DECOMPOSITIONS 3:

(1) the Moon and Earth are at a certain distance apart AND the Moon and Earth have masses

(2) Earth is an object AND planets are objects AND the Moon is an object

(3) Earth is an object AND natural satellites are objects AND the Moon is a natural satellite

(4) the Moon and Earth have diameters AND the Moon and Earth have masses

(5) the Moon and Earth are at a certain distance apart AND the Moon and Earth have diameters

(6) all existing entities in space are regarded as objects AND the Earth exists AND the Moon exists

(7) the Earth is an object AND the Moon is an object AND two objects can exert gravitational force on each other
(8) Earth is an object AND the Moon is an object

(9) objects with mass are considered as objects in physics AND the Moon and Earth both have mass AND the Earth has mass
(10) the Earth is an object AND the Moon is an object

JUDGEMENTS 3 (10 items):

{{"index": 1, "factuality": [5, 5], "relevance": [1, 5], "redundancy": [5, 5], "complete_inference": 2, "explanation": "premise 1 is
irrelevant to the hypothesis"}}

{{"index": 2, "factuality": [5, 5, 5], "relevance": [5, 5, 5], "redundancy": [5, 2, 5], "complete_inference": 4, "explanation": "that
planets are objects is unnecessary given premise 1"}}

{{"index": 3, "factuality": [5, 5, 5], "relevance": [5, 5, 5], "redundancy": [5, 5, 5], "complete_inference": 5, "explanation": "The
premises correctly entail that the Earth and the Moon (a natural satellite) are both objects."}}
{{"index": 4, "factuality": [5, 5], "relevance": [1, 5], "redundancy": [5, 5], "complete_inference": 2, "explanation": "premise 1 is

irrelevant"}}
{{"index": 5, "factuality": [5, 5], "relevance": [1, 1], "redundancy": [5, 5], "complete_inference": 1, "explanation": "both premises are
irrelevant to the hypothesis"}}
{{"index": 6, "factuality": [5, 5, 5], "relevance": [5, 5, 5], "redundancy": [5, 5, 5], "complete_inference": 5, "explanation":
correctly identifies that the Earth and the Moon, which both exist, are considered objects in space."}}

{{"index": 7, "factuality": [5, 5, 5], "relevance": [5, 5, 1], "redundancy": [5, 5, 5], "complete_inference": 3, "explanation": "the
third premise about gravitational force is not necessary to prove the hypothesis."}}

{{"index": 8, "factuality": [5, 5], "relevance": [5, 5], "redundancy": [5, 5], "complete_inference": 5, "explanation": "The premises
properly entail that both things are objects."}}

{{"index": 9, "factuality": [5, 5, 5], "relevance": [5, 5, 5], "redundancy": [5, 5, 1], "complete_inference": 3, "explanation": "Premise

3 is redundant given premise 2"}}
{{"index": 10, "factuality": [5, 5], "relevance": [5, 5], "redundancy": [5, 5], "complete_inference": 5, "explanation": "directly states
that both the Earth and the Moon are objects."}}

QUESTION 4:
{question}

HYPOTHESIS 4 {recursive_or_not}:
{hypothesis}

DECOMPOSITIONS 4:
{decompositions}

JUDGEMENTS 4 ({n_items} items):

Figure 4.9: In-context learning prompt for using the RDTE protocol (3/3)
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In the following exercise, I would like you to tell me if a line of reasoning is reasonable or not.

I will give you some facts and a possible conclusion. Please tell me whether the conclusion reasonably follows from the facts I gave you.
If the conclusion does reasonably follow from the facts, then please answer "yes". If the conclusion does not reasonably follow

from the facts, then please answer "no".

Note that some of the facts may be false, but I am only interested whether the conclusion would reasonably follow IF those facts were
true. In other words, imagine a world in which the given facts are true. Would it be reasonable to draw the conclusion from those

facts, if they were true?
Here are some examples:
IF Vegetables are plants.

AND Cabbages are plants.
THEN Cabbages are vegetables.

Q: Does the rule's conclusion reasonably follow from the facts i

IF a nail is made of metal
AND metals conduct electricity
THEN a nail conducts electricity.

Q: Does the rule's conclusion reasonably follow from the facts i

IF dogs are birds
AND birds can fly
THEN dogs can fly

Q: Does the rule's conclusion reasonably follow from the facts i

IF sound requires matter to travel
AND a vacuum has no matter in it
THEN sound will not travel in a vacuum.

Q: Does the rule's conclusion reasonably follow from the facts i

IF Erosion can cause a landslide.
AND Mud is deposited by a landslide.
THEN Erosion can cause mud to be deposited.

Q: Does the rule's conclusion reasonably follow from the facts i

IF An animal needs to breathe in order to live.
AND Living things need water to live.
THEN Animals need water to live.

Q: Does the rule's conclusion reasonably follow from the facts i

IF Frogs also have a larynx, or voice box, to make sounds.
AND Animals that have vocal cords can make sounds.
THEN Frogs are animals.

Q: Does the rule's conclusion reasonably follow from the facts i

IF All humans breathe.
AND Stones breathe.
THEN All humans and stones breathe.

Q: Does the rule's conclusion reasonably follow from the facts i

IF If a planet is rocky, it can only have a thin atmosphere.

AND Small planets and rocky planets have very thin atmospheres.

THEN If a planet is small and rocky, it has a thin atmosphere.

Q: Does the rule's conclusion reasonably follow from the facts i

IF Damming a river can cause a lake to form.
AND Dams are made of concrete.
THEN Dams are concrete lakes.

Q: Does the rule's conclusion reasonably follow from the facts i

Now your turn!
{Entailment}

Here are some examples:

Is it true that an ocean contains large bodies of water? yes
Is it true that lightning is similar to a volcano erupting? no
Is it true that a fox squirrel is a kind of animal? yes

the
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o
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Is it true that a rainbow is a kind of electromagnetic discharge? no

Is it true that the surface of the moon is made up of water? no
Is it true that the surface of the moon is made up of gases? no

Is it true that a bluebird is a kind of animal? yes
Is it true that the moon 's surface is made up of oceans? no

condition,

condition,

condition,

condition,

condition,

condition,

condition,

condition,

condition,

condition,

Is it true that the opposite of negative impact is positive impact? yes
Is it true that building a new highway through the area has a negative impact on the ecosystem? yes

Now let's do some more! Remember, answer with just a single word, yes or no.

Is it true that} \normalsize {\it insert the statement to assess here}

they

they

they

they

they

they

they

they

they

they

were

were

were

were

were

were

were

were

were

were

true?

true?

true?

true?

true?

true?

true?

true?

true?

true?

I no

: yes

1 yes

: yes

1 yes

! no

1 yes

: yes

i no

Figure 4.10: BaRDa prompts from Clark et al. (2023) for entailment

factuality (lower) judgments.
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4.5.1 RDTE Results

Our main metric is F-score (5 = 0.5), putting double precedence on precision
over recall. Precision is particularly crucial for our needs: false positives in a backward-
chaining search can quickly create error propagation, wasted time on invalid search
branches, and worse trees. In contrast, while recall is important, it is less catastrophic
to overfilter valid decompositions than to underfilter bad ones.

Table 4.2 shows Fq 5 performance by models on the RDTE dataset. We also display
precision and recall. We observe that no model cracks 70, suggesting room for
future improvement. Overall we find the RDTE-oriented prompts to GPT-4
outperform all existing methods for compositional entailment by 10 or more
points.?*

We find that knowledge distillation proves effective on RDTE: the student ChatGPT
models improve 5-13% over the closest ChatGPT methods, while the fine-tuned
RoBERTa student ultimately outperforms the teacher GPT-4 method.
Table 4.2 shows that this is due to higher precision (68 to 55) at the expense of
recall (57 to 90). The RoBERTa student is the most precise classifier tested, and the
ChatGPT student is the next-highest among non-GPT-4 models; however, both show

much lower recall than the others tested.

9?? shows GPT-4’s score when thresholding on 5, not 4, which we found to score lower.
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| RDTE-ARC RDTE-Hotpot BaRDa
Training Data | Pr Re Fos| Pr Re Fo;|Pr Re Fos

Itemwise GPT Methods

GPT-4 (ICL) RDTE Directions +| 55 90 59| 49 74 5392 46 76

(w/ Threshold 4) 4 Exemplars 49 100 55| 45 86 50| 90 58 81

GPT-4 (Zero-Shot) RDTE Directions | 59 57 58 | 47 60 491 91 31 66
Only

(w/ Threshold 4) 39 100 45| 35 91 40| 83 70 80

GPT-4 (BaRDa) BaRDa Directions +| 40 72 44| 43 95 48 | 82 8 83
10 Exemplars
ChatGPT (ICL) RDTE Directions +| 31 97 36| 30 95 35169 91 72
4 Exemplars
ChatGPT  (Zero- RDTE Directions | 36 64 40| 39 33 38t | 72 15 41
Shot) Only
ChatGPT (BaRDa) BaRDa Directions +| 38 94 43t | 30 79 34|73 8 75
10 Exemplars

Batched GPT Methods

GPT-4 (ICL) 52 79 56 | 52 62 54 (N/A)

GPT-4 (Zero-Shot) 52 64 54| 52 b1 52 (N/A)

T5 and Cross Encoders

Entailer-11B EntailmentBank +| 45 68 48 1 33 90 381 76 83 77
Entailer

NELLIE-3B EntailmentBank + | 39 74 431 31 95 36| 72 94 75

Entailer + QASC
NELLIE RoBERTa EntailmentBank +| 33 76 371 32 95 36| 68 95 72

Filter Entailer + QASC

OTS NLI RoBERTa Various NLI incl | 42 68 45% | 39 85  44% | 76 90 79
QASC

Knowledge Distillation Students

ChatGPT GPT-4 (Zero-Shot) | 46 58 487 | 52 49 51T | 82 55 75
Silver Data

RoBERTa GPT-4 (Zero-Shot) | 68 57 66 | 56 56  56% | 83 47 72

Silver Data

Table 4.2: Entailment results (Fg 5 score). by various approaches on the RDTE and
BaRDa datasets. We find that RDTE prompting of GPT-4 greatly outperforms
existing approaches to compositional entailment, including BaRDa prompting and fine-
tuned approaches. Knowledge disillation from GPT-4 (RDTE Zero-Shot) improves
student models by 5-21 points, at times outperforming GPT-4 itself. {/1 denote the
student models and the best performing analogous non-distilled models. Batching
decompositions by their shared hypothesis does not drastically impact performance
by GPT-4. Batching was not possible for BaRDa, which has one item per hypothesis.
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4.6 Related Work

4.6.1 Annotating Textual Entailment Datasets

The PASCAL RTE Challenge (Dagan et al., 2005), SNLI (Bowman et al., 2015)
and MNLI (Williams et al., 2018) have led to numerous NLI leaderboards. These
datasets (A) are generally not tied to downstream reasoning tasks; and (B) commonly
target uncontroversial items for which annotators have high agreement without
needing granular instructions. The BaRDa dataset (Clark et al., 2023) throws out a
large fraction of decomposition annotations because of low agreement. In contrast,
RDTE specifically targets the hard-to-evaluate items that unavoidably manifest
during systematic reasoning algorithms. Our use of ordinal annotation draws from
JOCI (Zhang et al., 2017), a collection of common sense inferences annotated on a

5-point scale of likeliness.

4.6.2 Annotator Disagreement

Various works have faced the challenge of annotator disagreement for reasoning
tasks. AmbiFC (Glockner et al., 2021), concerned with whether a piece of evidence
supports a given claim, explores the common factors causing disagreements. Pavlick
and Kwiatkowski (2019) found persistent patterns of disagreement amongst RTE

judgments not simply due to noise; efforts such as the UNLI protocol (Chen et al., 2020)
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aim to address this concern by modeling annotations on a logistic probability scale.

4.6.3 Computational Argumentation

Existing work has explored methods for computational argumentation; one subfield
is argumentation mining (Palau and Moens, 2009), which aims to detect and analyze
the arguments in a passage. Jin et al. (2022) collect a dataset of items exhibiting
14 types of fallacies. Stab and Gurevych (2017) hand-annotate the sufficiency of

argumentative essays using RAS criteria but are not geared towards entailment.

4.6.4 Assessing Explanations

Our work builds on literature evaluating the role and quality of model-generated
explanations (Wiegreffe and Marasovic, 2021; Tan, 2022). We add to this discourse
by investigating how to improve the quality of decompositional entailment items that
drive reasoning for complex tasks. Similar to ours is the EEV methodology (Valentino
et al., 2021), under which an explanation is translated into logical form and then
assessed by a trained semanticist. RDTE requires neither the translation nor the

trained semanticist.
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4.7 Conclusion

The trustworthy application of LLMs to complex reasoning tasks critically depends
on accurate responses and justifications. To date, research in entailment tree reasoning
has largely focused on measuring the former.

This work develops a protocol based on works in informal logic for the assessment
of compositional entailment, the core reasoning task undergirding entailment trees.
We employed this rubric-based protocol to annotate RDTE, a high-quality dataset of
judged compositional entailments, along with tens of thousands of automatically scored
items by GPT-4 under the same instructions in multiple domains. We found a large
gap in performance between nearly all models and human performance on the RDTE
dataset; however, we found that knowledge distillation provides an avenue for training
more precise classifiers, which is particularly desirable in a reasoning domain for which
false positives are more catastrophic than false negatives. The combination of our
rubric, manual annotations, and GPT-4 derived data represents a significant advance
in building trustworthy Al systems capable of not only solving complex reasoning
tasks but also providing correct justifications along with their answers. IN Chapter 5,
I will illustrate the effects of the RDTE project on a downstream entailment engine;
RDTE-based reasoning and knowledge distillation serve as the core of the engine’s

ability to produce high-quality answers that are right for the right reasons.
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4.8 Discussion

The RDTE dataset is a high-quality set of 1000 decompositions across two specific
QA domains. As argument sufficiency is a domain-dependent notion, we had extensive
discussion about what constituted validity in the two different tasks. Applying the
RDTE protocol to new domains will likely also merit careful consideration of how the

various facets of the task manifest differently for different types of questions.
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5.1 Motivation and Overview

The NELLIE system described in Chapter 3 and Weir et al. (2024a) is a T5-based
entailment engine that shows high performance on Science QA by checking whether
answer hypotheses are compositionally entailed by the WorldTree knowledge base (Xie
et al., 2020). Its search algorithm suffers from the primary drawbacks that (1) it
requires a clean corpus of knowledge sentences, which is not always available for a
particular problem domain, and (2) its various modules all rely on different in-domain
training datasets not typically available for new tasks.

My progress developing the NELLIE system in late 2022 and 2023 coincided with a
paradigm shift in the broader NLP community: away from small-to-medium-sized, fine-
tuned LMs such as T5 to increasingly larger LMs such as GPT-3, LLama, ChatGPT,
and GPT-4 that can all leverage few-shot learning (also known as in-context learning)
and instruction tuning. These models outperform the previous generation of LMs on
many popular NLP reasoning tasks while requiring only a handful of in-domain training
examples. This shift thus brought a more extensible and customizable series of tools to
modular reasoning frameworks such as the entailment engine considered in this thesis.
Functionalities already implemented in the engine such as converting an answer option
into a hypothesis, proposing decompositions, and verifying entailments, all came under
the purview of simple prompting mechanisms rather than requiring fine-tuning datasets

(I have already illustrated the effect on the verification task in the previous chapter),
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and new functionalities became not only possible but easy to rapidly prototype.!

In this chapter, I introduce TREEWISE, an evolution of NELLIE based on
instruction-tuned LLMs like ChatGPT and GPT-4. TREEWISE introduces a series of
improvements to the engine’s search algorithm that allow it to handle novel domains
(1) with noisier knowledge sources like an index over Wikipedia passages common to
state-of-the-art question-answering systems and (2) without module-specific training
data. In this way, TREEWISE can answer whether a hypothesis from a novel QA
dataset is compositionally entailed by Wikipedia. I have also replaced many dataset-
trained components with a series of prompting-based modules that leverage recent
advances in instruction tuning for LLMs, thus reducing the reliance on domain-specific
subtask training data (e.g. for entailment classification and decomposition generation)
that hinders NELLIE’s extension to new problems.

I reimplement the NELLIE system into a new engine, TREEWISE to (among
many improvements) leverage more powerful reasoners with stronger entailment
classification abilities and the ability to reason over noisier knowledge sources such as
Wikipedia. Building upon the NELLIE engine introduced in Chapter 3, TREEWISE
now leverages in-context learning, forward chaining, branch consolidation, and most
importantly, improved decompositional entailment recognition. It surpasses tree-
producing approaches on established benchmarks like EntailmentBankQA, but also

adapts to complex tasks such as HotpotQA that require reasoning over less structured

'Hence the rise of “Prompt Engineer” as a lucrative professional title (Ma and Woods, 2024).
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—m (« Instruction-Tuned LLM )
® NL Hypothesis
Answer { Modular Subtasks
7 Candidate
Decompositions 1. Declarativization: Given question ¢ and answer options [ay, as, . . .],
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Failure \ /

Figure 5.1: Like NELLIE, the TREEWISE engine generates many premise
decompositions of a hypothesis and checks whether any candidates are valid entailments.
Premises are then recursively decomposed until it finds any fully grounded
in . Unlike NELLIE, these documents can be long, noisy
passages from a corpus like Wikipedia rather than just a clean knowledge base of facts.
Statements entailed by documents are generated via forward chaining, while the rest
of the search is backward like in NELLIE. Many decompositions end up untraversed
due to the search budget or nonentailment.

knowledge sources like Wikipedia. I also find that training an RDTE-oriented
entailment classifier via knowledge distillation and employing it in the TREEWISE
entailment tree reasoning engine significantly improves both accuracy and proof quality,

illustrating the practical benefit of this advance for textual inference.

5.2 TREEWISE System Overview

TREEWISE builds upon the backward chaining entailment tree search framework
first introduced by NELLIE (Weir et al., 2024a). The core functionality of TREEWISE
is to answer the question, “is NL hypothesis H compositionally entailed by a corpus

of documents C' in the context of a question Q7" Illustrated in Figure 5.1, the search
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attempts to ground the hypothesis via recursive decomposition into premises entailed by
passages in a verifiable corpus such as Wikipedia. Implemented in Prolog, the algorithm

follows a breadth-first strategy, performing the following at each recursive hypothesis H:

1. Retrieve a set of s support documents from a corpus like Wikipedia that are
likely to contain information relevant to the hypothesis. Check if any of these
documents entails H using a series of single-premise entailment classifiers. If so,

H is proved. See §5.3 for implementation details.

2. Check whether H is a paraphrase of a previously considered hypothesis H’
using SBERT (Reimers and Gurevych, 2019). If so, I associate it with the proof

branches of H'.

3. Forward generate i inferences from the support documents via an instruction-
tuned LLM, leveraging its long context to consider a large list of documents in

one pass.

4. Decompose H into a set of d candidate decompositions using a series of prompts
to the LLM. T use a diverse set of prompts to propose candidates that encourage

using the ¢ inferences.

5. Condense the decompositions by deduplicating semantically equivalent

candidates.

6. Filter the decompositions using a series of decompositional entailment
classifiers to weed out those that would not logically support H.
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7. Recurse on the premises to continue the search.

This process is repeated until either a user-specified expansion budget is exhausted or
a proof is found and no search branches remain that could yield a higher score. The
system is designed to be amenable to a costly API; it batches together decompositions
of a single hypothesis into one prompt and then asks it to score them all at once. In
the following section, I will delve into more specific revisions of the search logic to

implement these changes.

135



CHAPTER 5. TREEWISE:

CORPORA

Decomposition
generator forward-
chains inferences
from retrieved
documents

to use in candidate
decompositions

Migration can be cither obligate

0ose' (o migrate or not.

Top-level
hypothesis

Migration is different from
dispersal where the animals are
moving to a new location and not

returning o the original site

When an animal population moves
long distance (o another area in
order to survive it is called
‘migration.

‘Animal migration is the relatively
long-distance movement of
individual animals usually on a
seasonal basis.

‘meaning individuals must migrate or
facultative meaning individuals can

population between two areas; and
‘movement leading o the
redistribution of individuals
within a population. Migration can
be either obligate meaning
individuals must migrate or
facultative meaning individuals can
""choose"" to migrate or not.
‘Within a migratory species or even
within a single population
not all individuals migrate.
“'Gomple migation™ i when il
individals migate ™ partal
migration”" is when some
individuls mlgﬂu while others do

(for example). While most migratory
‘movements oceur on an annual cy

seasonal bases with the help of

environmental triggers. Migration
is different from dispersal where
the animals are moving (0 a new
locati

organism’s ability to find a home.
with the necessary resources (o
survive. The organism may look at
‘many places before picking a home.
“This ability to disperse is seen
for many reasons like social status

"Animal migration” movement of a

Checked for
entailment

Decomposed

FLEXIBLE REASONING OVER NOISY TEXT

Grounded

2 {2 4RNE ¢

2 3t SRNEN

Retrieved

or sex. A study by

Entailment-
grounded

Viable candidate

decompositions
(filtered non-entailment
candidates not shown)

“an animal population moves a long
distance to another area in order
to survive

Decomposition-
grounded
subqueries

‘migration is when animals move from
one location to another in search
of beter living conditions

subqueries

selves ler climate to
‘a warmer climate for the winter

documents

“Snowbird (person)” Snowbird
(person) ""Snowbird"" is a North
American term for a person who
‘migrates from the higher latitudes

and colder climates of the northern
United States and Canada in the.
S
er locales such as Florida
EtemEih e
Mexico Texas o elsewhere along the
Sun Belt of the southern United
States Mexico and arcas of the
Caribbean. Many "*snowbirds"" are
from either the Northeast Midwest
Mid-Atlantic or Canada. A sunbird
is one who leaves the lower
latitudes and hot climates of the.
southern United States and migrates
northward in summer to cooler
locales such

‘migrating involves a population
movemen

s ol
ation moy

"Ecology of Florida" Florida
panther the leather-back sea turtle
the West Indian manatce and the
red-cockaded woodpecker to name a
few; and some of the plants that
are listed are the bell-flower
serub plum Small's milk pea and the
‘water-willow. When an animal
‘migrates what they are doing is
simply moving from one place to
another and back to their original
location. Animals migrate to find
200d breeding grounds or areas with
large amounts of food. When man
made objects or constructs get in
the way of an animal's routine
‘migratory path it is forced to
change its usual breeding ground or
area

‘Humans and animals may have (o move
Tong distances to access resources.
for survival in the face of climate.

change

Climate change impacts can force

long-distance migration in animals

due to habitat loss and changing
climatic conditions

the purpose of migration is
survival in better conditions

" Animal migration” Animal migration
Animal migration is the relatively
Tong-distance movement of
individual animals usually on a
seasonal basi. It s the most

g
]
:
=
E
H
£
Bl

animal groups including birds
mamimals s reptiles amphibians
insects and crustaceans. Th
trigger for the migration may be
local climate local availability of
food the sesson of the year o for
mating reasons. To be counted as
roe migrton ami i)

dispersal or n the movement
of the aimals srwuld be an annual
seasonal ice such as

Northern Hemisphere birds migrating
south

Climate change can lead to changes
in environmental conditions
‘Animals may need to move (o
environments better suited to

handle climate change leading to
potential long-distance migration

Climate change impacts can lead to
forced displacement and involuntary
migration of animal populations

explored branc

Climate change can lead to range.

shifts in animal populations in
response to changing environmental
conditions

Dugong such as lekking for
courtship purposes. Mothers and
calves are in almost constant
physical contact and calves have
been known to reach out and touch
their mothers with their flippers
for reassurance. Dugongs are semi-
nomadic often travelling long
distances in search of food but
staying within a certain range
their entire life. Large numbers
often move together from one area
to another. It is thought that
these movements are caused by
changes in seagrass availability.
Their memory allows them to return
1o specific points afer long
travels. Dugong movements mostly
oceur within a localised area of
seagrass beds and animals

“Animals can exhibit semi-nomadic
behavior and travel long distances
in search of food and seagrass
availability

Migration in animals can be.

influenced by factors such as food

and nutrient richness of certain
areas

animals migrating long distances
‘can be a result of climate change
impacts

ATl iarton) by Ocead
. The currents carry
R
they were to just swim. These long-
distance currents oft

ten bring
organisms to breeding grounds and
nurseries. Breeding ground often
end up being near or in intertidal
‘zones. This occurs due (o the food
and nutrient richness of these
areas it makes it an ideal place
for offspring to grow. Although
migration and animal dispersal are
similar i that animals are moving
from one less advantageous area to
an area with more advantages there
are many differences between the
two. In migration an animal is
moving under some

Figure 5.2: Example partial TREEWISE search trace. Green and blue nodes are

grounded to Wikipedia documents in orange. The full search is limited to a budget of
60 decompositions (green and brown nodes).
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5.2.1 Search Logic

I refer readers to Chapter 3 for an overview of the original NELLIE search algorithm
for compositionally grounding a hypothesis in a corpus. That search generally follows

a breadth-first search across candidate decompositions by following 3 Prolog rules:?

1. Fact Unification

PROVE(h) <= RETRIEVE(hT, ) A ENTAILS(f, h)

2. Two Premise Rule Generation

PROVE(h) <= RULEGEN(hY, f1, f5 ) A ENTAILS([f1, f2], h) A PROVE(f1) A PROVE(f2)

3. Retrieved First Premise Rule Generation
PROVE(h) < RETRIEVE(hT, f;) A RULEGEN(h™, fi7, f5 ) A ENTAILS([f1, fo], ) A

PROVE(f>)

I make the following observations:

1. Rules 2/3 constrain the search to only binary conjunctions; allowing 3 or 4 might

allow for added flexibility.

2. The LM-calling RULEGEN predicate only ever accepts 0 or 1 support facts;
conditioning on multiple retrieved candidate facts might produce higher quality

and /or more groundable decompositions.

2Following common practice in Prolog implementations, e.g., SWI-Prolog (Wielemaker et al.,
2012), T assume Prolog terms are evaluated in the sequence they are read.
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3. Rule 3 assumes that items returned by RETRIEVE (f; ) are of the same type as
the premises that constitute an entailment: in NELLIE’s case, simple evidential
sentences like “birds can fly.” If TREEWISE’s corpus contains noisier knowledge,

e.g., Wikipedia paragraphs, then this assumption becomes problematic.

4. Rules 2/3 assume that any unique fi, fo, or h is semantically distinct from
other statements considered during the search. This implies that recursively
calling PROVE on a new statement is never a waste of time. In practice, however,
NELLIE frequently considers hypotheses that are paraphrases of each other. This
risks wasting substantial search time, especially if neither the hypothesis nor its

paraphrase will ever be grounded.

To address these issues, I make the following modifications, replacing rules 2 and
3 with rules 4, 2*, 3*. The latter two rules are only executed if 4 does not succeed.

Bolded symbols denote string lists.

4. Paraphrase Unification

PROVE(h) <= EXPANDED(g~) A PARAPHRASE(hT, g") A PROVE(g)

2*. Non-Conditioned Rule Generation

ProOVE(h) < RULEGEN(h™,[],f) A ENTAILS(f, h) A MAPLIST(f*, PROVE)?

3*. Retrieval-Conditioned Rule Generation

PROVE(h) <= RETRIEVE(h',s7) A INFERENCEGEN(h', s",i7) A

3https://www.swi-prolog.org/pldoc/man?predicate=maplist/2
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RULEGEN(hT,i",f7) A ENTAILS(f,h) A MAPLIST(f*, PROVE)

The novel predicate EXPANDED is a nondeterministic function that evaluates to true
iff g~ was a previous input to RULEGEN during the search. The predicate PARAPHRASE
uses SBERT (Reimers and Gurevych, 2019) cosine similarity to identify paraphrases.
The predicate INFERENCEGEN is a forward chaining inference generator that
receives a list of support items (facts, passages, or otherwise) and returns a list of
sentential premises likely entailed by the items that might be helpful to prove h. The
new RULEGEN now accepts an arbitrary list of candidate premises (i) and returns an
arbitrary-length decomposition (f). As a result, the premises in the decomposition
might not have appeared in i or s; this adds flexibility to the generator but also means
that the algorithm has to call PROVE on all generated premises. If f € f does appear

in i or s, it is likely immediately grounded via fact unification (rule 1).

5.2.2 Prompt-based Modules

With the introduction of instruction-tuned LLMs like ChatGPT and GPT-4, we
find it no longer necessary to train certain NELLIE models via supervised learning
on in-domain datasets. I replace the modules for query declarativization (Demszky
et al., 2018), decomposition generation, and 1- and multi-premise entailment filtering
with a mixture of in-context learning and zero-shot instruction prompts to a GPT
model. This includes the predicates RULEGEN and ENTAILS above. All prompts can
be found later in the chapter in the relevant sections.
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5.2.2.1 Improved Decomposition Generators

A key improvement of TREEWISE over its predecessor is the redesigned approach
to generating and filtering candidate decompositions for decompositional entailment.
NELLIE’s original decomposition generator is a TH-based model trained via supervised
learning on data from a specific domain. It is difficult to (A) adapt to new domains
without retraining and (B) convey to the model that decompositions serve a reasoning-
related purpose. With the introduction of instruction-tuned LLMs, this becomes more
straightforward. For TREEWISE, I replace the T5-based generator with a diverse

series of prompts for generating ad-hoc decompositions of a hypothesis in any domain:

e A fact-conditioned decomposition prompt (Figure 5.3) that receives a list of
forward-chaining inferences derived from support documents using a separate

prompt (Figure 5.5) and returns a list of candidate decompositions.

e A follow-up generation decomposition prompt that receives the output of
the previous prompt and an instruction to revise them to better fit the given

hypothesis and question

e An in-context learning decomposition prompt (Figure 5.4) dynamically
constructed by retrieving exemplars from a fixed set of training items
using BM25. T use as our training set the gold-annotated inferences from

EntailmentBank (Dalvi et al., 2021).

Together these prompts populate an initial horizon of candidate decompositions to
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be condensed, checked for semantic equivalence, and subsequently filtered for argument

validity.

5.2.2.2 Forward Inference Generator

Similar to the approach for generating and verifying decompositions through
separate algorithm modules, I detach the generating of candidate forward-chaining
inferences from documents from verifying them through single document entailment
and /or further decomposition. Prior to generating decompositions in Rule 3*, I use
the prompt in Figure 5.5 to suggest n = 10 inferences from a list of £ = 30 retrieved
support documents. These inferences are not yet checked for entailment from the
supporting documents, as filtering for directly entailed inferences at this stage risks
removing useful statements that are groundable via further decomposition.

You are a reasoning system that searches for proofs of a hypothesis by decomposing into simpler
premises.

For the following hypothesis and source documents, write a set of independent inferences entailed by
one or multiple documents. The inferences should resemble world facts and should help to decompose
the hypothesis into component reasoning steps. The inferences should NOT simply restate the
hypothesis.

Your output should be a serialized json item, one per line, with the format {{"inference": <inference
text>, "source": [<indices of source documents>]}} and nothing else.

QUESTION:
{question}

HYPOTHESIS:
{hypothesis}

SOURCE DOCUMENTS YOU MIGHT PULL FROM:
{documents}

{n} INFERENCES THAT MIGHT SUPPORT HYPOTHESIS:

Figure 5.5: Prompt used for creating forward-chaining inferences from retrieved source
documents
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Fact-conditioned decomposition generation prompt:
You are a reasoning system that searches for proofs of a hypothesis by decomposing into simpler

premises.

Given a question and corresponding hypothesis, you give a list of {n_candidates} possible
decompositions of the hypothesis into two or three facts, F1 and F2 (and possibly F3), such that
proving the list of Fs would amount to proving the hypothesis through compositional entailment.
There should be minimal "information loss" between the hypothesis and the Fs; you are looking for
strict entailment.

Each decomposition should be some combination of core scientific principles as well as conclusions
about the question at hand. They should not imply each other, i.e. none of them should start with
"thus" or "therefore".

You also optionally take a list of facts that you might use in your decompositions.

Your {n_candidates} decompositions should follow different "reasoning patterns." Try to create
decompositions that are semantically distinct and make use of different core facts or underlying
principles.

Your output should be a serialized json item, one per line, with the format {{"factl": <factl>, "fact2
": <fact2>, "fact3" : <fact3, if necessary>}} and nothing else.

QUESTION:
{question}

HYPOTHESIS:
{hypothesis}

FACTS YOU MIGHT USE, IF THEY ARE RELEVANT:
{facts}

{n_candidates} DIFFERENT POSSIBLE DECOMPOSITIONS, ONE JSON ITEM PER LINE:

(on followup)
how could we make these better? regenerate the 20 decompositions so that they are higher-fidelity and
are better explanations for the hypothesis.

Figure 5.3: Prompt used for generating fact-conditioned ad-hoc decompositions. The

same prompt is re-used with an additional follow-up instruction to generate better
decompositions.
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Exemplar-conditioned decomposition generation prompt:
You are a reasoning system that searches for proofs of a hypothesis by decomposing into simpler premises.

Given a question and corresponding hypothesis, you give a list of 20 possible decompositions of the hypothesis into two or three facts,
F1 and F2 (and possibly F3), such that proving the list of Fs would amount to proving the hypothesis through compositional
entailment. There should be minimal "information loss" between the hypothesis and the Fs; you are looking for strict entailment.

Each decomposition should be some combination of core scientific principles as well as conclusions about the question at hand. They
should not imply each other, i.e. none of them should start with "thus" or "therefore".

You also optionally take a list of facts that you might use in your decompositions.

Your 20 decompositions should follow different "reasoning patterns.
use of different core facts or underlying principles.

Try to create decompositions that are semantically distinct and make

Your output should be a serialized json item, one per line, with the format {"factl": <factl>, "fact2": <fact2>, "fact3" : <fact3, if
necessary>} and nothing else.

QUESTION:

An ecosystem is a community of organisms interacting with their physical environment. Why are decomposers an important part of ecosystems
? (A) They break down dead organisms to return nutrients to the soil. (B) They produce their own food for survival. (C) They play a
role in preventing weathering and erosion. (D) They provide most of the energy to consumers.

HYPOTHESIS:
Decomposers are an important part of ecosystems because they break down dead organisms to return nutrients to the soil.

4 DIFFERENT POSSIBLE DECOMPOSITIONS, 2 OR 3 FACTS EACH, ONE JSON ITEM PER LINE:

{"factl": "a decomposer breaks down dead organisms to return nutrients to soil"”, "fact2": "nutrients in soil are important for an
ecosystem"}

{"factl": "decomposition is when a decomposer breaks down dead organisms", "fact2": "decomposition is when a decomposer recycles /
returns nutrients / nitrogen from dead organisms to the soil by eating those dead organisms", "fact3": "nutrients in soil are
important for an ecosystem"}

{"factl": "a decomposer breaks down dead organisms to return nutrients to soil", "fact2": "nutrients in soil are important to plants", "
fact3": "plants are a part of an ecosystem"}

QUESTION:

What is the role of decomposers in a food chain? (A) They consume other organisms. (B) They break down dead organic matter. (C) They use
the Sun's energy to make food. (D) They convert inorganic matter into organic matter.

HYPOTHESIS:

The role of decomposers in a food chain is they break down dead organic matter.

2 DIFFERENT POSSIBLE DECOMPOSITIONS, 2 OR 3 FACTS EACH, ONE JSON ITEM PER LINE:

{"factl": "an organism is a source of organic matter", "fact2": "decomposer is a kind of role in the food chain process / in an ecosystem
", "fact3": "decomposition is when a decomposer breaks down dead organisms"}

{"factl": "an organism is a source of organic matter", "fact2": "the role of decomposers in the food chain process is to break down dead
organisms"}

QUESTION:
{question}

HYPOTHESIS:
{hypothesis}

20 DIFFERENT POSSIBLE DECOMPOSITIONS, 2 OR 3 FACTS EACH, ONE JSON ITEM PER LINE:
Figure 5.4: Prompt used for creating exemplar-conditioned decompositions. Exemplars

are retrieved from the EntailmentBank training set using BM25 with the question and
hypothesis as query.
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5.2.2.3 Reasoning Filters

Our RDTE-oriented prompting strategy discussed in the main body of the paper is
shown in Figure 4.7, 4.8, and 4.9. The zero-shot variant contains the same directions
but no exemplars. I use a separate set of exemplars for Hotpot vs ARC. Following the
RDTE protocol, these filters rate decompositions on an ordinal sufficiency scale from
1-5. We retain only the entailments scored a perfect 5/5.

In addition to this improvement at multi-premise compositional NLI, I also
implement a single-premise/passage entailment rubric for use by TREEWISE and when
computing our tree integrity score. This prompt rates entailment on an ordinal 1-5
scale analogous to the RDTE protocol for compositional entailment; the prompt is

shown in Figure 5.6.
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QUESTION:
{question}

HYPOTHESIS:
{hypothesis}

My student was trying to prove this hypothesis as it relates to the question. He pulled up this support
document .

In the context of the QUESTION, does the PASSAGE entail the HYPOTHESIS? In other words, could we
reasonably infer that the HYPOTHESIS is true in the context of the QUESTION using only the
information in the PASSAGE?

PASSAGE:
{passage}

Please only make a judgment about whether the HYPOTHESIS is entailed by the PASSAGE, and not whether it
answers the QUESTION.
Please score it on a scale of 1 to 5:

1: Definitely not entailed-- PASSAGE has nothing to do with the HYPOTHESIS

2: Poorly entailed-- PASSAGE might be on topic but does not provide any evidence for the HYPOTHESIS

3: Moderately entailed-- PASSAGE provides some evidence to suggest the HYPOTHESIS is true, but there is

substantial missing information or ambiguity

4: Strongly entailed-- PASSAGE provides strong evidence for the HYPOTHESIS, but there is any amount of
missing information or ambiguity

5: Definitely entailed-- PASSAGE provides strong evidence for the HYPOTHESIS, and there is no missing
information or ambiguity

Figure 5.6: Prompt used to filter and score passage-hypothesis entailment pairs.

5.3 Retrieval Index

We build retrieval indices for Wikipedia using the pyserini package (Lin et al.,
2021). The index for Wikipedia differs between the QA datasets considered. For
the below experiments on HotpotQA, we index all the data as given in the original
paper. For EBQA, we index the 2021-01-20 version of Wikipedia with 100-word
chunks. We use the BM25 algorithm (Robertson et al., 1995a) for first-stage retrieval
and rerank using SentenceTransformer’s ms-marco-MiniLM-L-12-v2 (Reimers and

Gurevych, 2019). We retrieve the top 1000 documents, rerank them, and return the
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top 30 candidate support facts per hypothesis, using the concatenated question and

hypothesis as our retrieval query.

5.4 TREEWISE Experiments

5.4.1 Entailment Tree QA Task Definition

I pursue a version of evidence-grounded, explainable QA in which models are not
only right but right for the right reasons. This is distinct from the scenario considered in
Chapter 3, where only QA correctness was evaluated. Now, I consider the following task:
given corpus C', multiple-choice question () and hypotheses hq, ..., h,, corresponding
to answer options ay, ..., a., I task models to predict correct answer a; and generate
entailment tree T}, rooted at h; such that (1) the T},’s leaves are in C' U@ and (2) the
tree’s steps explain how each parent follows compositionally from its children. Models

are evaluated on selecting a; and the correctness of the reasoning in 7j,.

5.4.2 Datasets

I evaluate TREEWISE and a series of entailment tree-creating baselines on the two
QA datasets used to construct RDTE: 340 test questions from the EntailmentBank
(EBQA), and 419 HotpotQA questions recast as multiple choice by using GPT-4 to

generate incorrect answer options.
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As TREEWISE can flexibly hook up to different types of knowledge sources, I
evaluate it on EBQA using two different scenarios: (1) EBQA using the clean factbase
WorldTree (Xie et al., 2020) as the knowledge source, and (2) EBQA using an index
over English Wikipedia as the knowledge source. For HotpotQA, I only use that task’s

specific Wikipedia index as the knowledge source.

5.4.3 TreeWise Hyperparameters

In the TREEWISE algorithm, I prompt the decomposition generators to propose
10 decompositions each, resulting in 40 candidate decompositions per hypothesis. To
improve the initial search horizon, I double this number at depth 0 only. I prompt the
forward-chaining prompt to produce 30 inferences entailed by retrieved documents.
I use temperature=.2 sampling for all entailment filters and temperature=1 for
generating decompositions.

I set the expansion budget to 80 nodes and the filter entailment filter threshold to

0.6. I define paraphrases as having SBERT cosine similarity of 0.9 or higher.

5.4.4 Metrics

I take a two-pronged approach to evaluating systems: they should produce both
strong QA accuracy and coherent and logically sound entailment trees explaining the

chosen answer. To evaluate the latter, I introduce a new model-based tree integrity
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score. | use GPT-4 to score each of a tree’s component entailment steps under the
RDTE protocol. Following the intuition that an argument is only as strong as its

weakest link, I take the minimum score as the tree’s overall score.

5.4.5 Methods and Baselines

A core improvement of the TREEWISE engine is a fine-tuned ChatGPT instance
trained to perform RDTE-style sufficiency classification for decompositions. The RDTE
knowledge distillation framework suggests a way forward for improving entailment
engines such as TREEWISE in new domains: first extract non-optimized reasoning
traces from the engine, annotate them under the RDTE protocol with GPT-4 (which
is itself too slow and expensive to use in the engine), train student models on the
silver data, and then substitute the student as an entailment classifier in the engine.
The experiment below emulates this scenario and shows that the resulting runs of
TREEWISE improve on both QA and on generated tree quality, highlighting the
effectiveness of applying RDTE-trained distillation student models to entailment tree
creation algorithms.

I compare a version of TREEWISE using the RDTE-trained student ChatGPT and
RoBERTa models to an identical version that uses an ICL-prompted ChatGPT and
the RoBERTa model used by NELLIE, which is trained on non-RDTE entailment data.
I use ChatGPT as the decomposition generator and QA2D model for TREEWISE,

meaning it does not use GPT-4 for anything at test time. I also evaluate a pair of
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greedy baselines for entailment tree creation. These baselines are designed to mimic

TREEWISE’s behavior in a simplified manner without the systematic search:

e An end-to-end tree generator that retrieves one set of facts and then uses

ChatGPT to decode an entailment tree in one fell swoop.

e A stepwise tree generator that iteratively retrieves support facts and then
decodes one step of the entailment tree until the tree is fully grounded or a

maximum number of steps (10) is reached.

2 depicts the pseudocode for the end-to-end tree generation baseline. 3 depicts
the stepwise version. Each process is repeated 5 times, yielding 5 different candidate
trees for each answer choice, then fed to the tree integrity scorer using the student
ChatGPT to score each tree. I take the highest-scoring tree and the corresponding
answer as the final output. I compare these to non-RDTE versions where the student

ChatGPT is replaced by regular ChatGPT.

5.4.6 Results

Table 5.1 shows QA results for these methods. We observe that for all methods,
the tree integrity score increases when using the knowledge-distilled student. For all
but 1 baseline on HotpotQA, QA accuracy increases by 1 to 7 points. We observe

that TREEWISE achieves the highest QA and integrity scores, while the stepwise
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Algorithm 2 Greedy End-to-End Entailment Tree Generator
1: procedure GREEDYENDTOENDPROVE(Q) — < t scored trees for each query in

Q.

2: R = “

3:  forall ¢; € Q do

4: Retrieve a set of support facts S conditioned on ¢;:
5: S = RETRIEVESUPPORTFACTS(¢;)

6: Generate m candidate trees using ICL Prompt:

7 Ti,...,T; = GENERATECANDIDATETREES(¢;, S, m, t)

8: forall T; € T do

9: Prune disconnected nodes from the tree:

10: T; = PRUNETREE(T})

11: Check for ungrounded leaves not in S:

12: U = FINDUNGROUNDEDLEAVES(Tj, S)

13: forall [, € U do

14: if [ISENTAILEDBYINDEX(I})

15: then U = U\ {l;}

16: end for

17: Retain tree if all leaves are grounded or entailed:
18: if U =90

19: then R += Tj
20: end for
21:  end for
22:  grade the trees using ChatGPT (student) and return best:
23:  return arg max;.p SCORETREE(T)

outperforms the end-to-end generator under integrity but vice versa for two QA

scenarios.
‘ EBQA on WorldTree EBQA on Wikipedia HotpotQA on Wikipedia

Method Silver? ‘ QA  Tree Score QA  Tree Score QA Tree Score
TREEWISE Yes 79.2 75.2 73.2 74.7 51.3 66.6

No 72.8 71.6 69.0 71.9 46.1 62.9
Stepwise Yes 66.4 69.5 56.8 68.3 47.5 58.8
Generator No 63.7 68.1 51.5 64.7 49.4 58.6
End-to-End Yes 68.7 66.4 57.6 66.4 48.5 59.1
Generator No 68.7 66.1 55.1 64.0 43.0 57.7

Table 5.1: QA and tree integrity score for tree-generating approaches with vs without
silver knowledge distillation.

150



CHAPTER 5. TREEWISE: FLEXIBLE REASONING OVER NOISY TEXT
CORPORA

Algorithm 3 Stepwise Entailment Tree Generator
1: procedure STEPWISEPROVE((Q)) — t scored trees for each query in Q:
2 R—||
3: forallte{1,2,...,t} do
4 forall ¢; € @ do
5: Initialize search frontier and decompositions:
6
7
8
9

F={¢},D=[],N=0
while F' # () and N < 10 do

N=N+1

: Retrieve and flatten support facts for sentences in I
10: S = Set(Flatten(RETRIEVESUPPORTFACTS(f) for f in F))
11: Generate one line of tree decomposition using ICL prompt:
12: dy = GENONESTEP(¢;, S, D)
13: Append line to decompositions:
14: D = D + [dy]
15: Create tree from decompositions:
16: Ty = CREATETREE(D)
17: Prune disconnected nodes from the tree:
18: Ty = PRUNETREE(TYy)
19: Check for ungrounded leaves:
20: U = FINDUNGROUNDEDLEAVES(T, S)
21: forall [; € U do
22: if ISENTAILEDBYINDEX(/;, f)
23: then D =D+ [“l; « ], U =U\ {l;}
24: end for
25: Set F' to be the remaining ungrounded leaves:
26: F=U
27: end while
28: end for
29:  Retain Ty
300 R+=1Ty

31:  end for
32:  grade the trees using ChatGPT (student) and return best:
33:  return arg max;.p SCORETREE(T)

5.4.7 Example TREEWISE Outputs

Figure 5.7 and Figure 5.8 depict example outputs by the TREEWISE tree search

algorithm when hooked up to Wikipedia as the knowledge source for answering ARC
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and HotpotQA quest

ions.

A balloon filled with water

is placed in a freezer.

Which property of the water will change as the
water reaches its freezing point? (A) color, (B)
mass, (C) state, (D) weight

as the water reac

when water freezes it undergoes a
phase transition from liquid to
solid

Freezing attempts to freeze human
beings for later revival are known
as cryonics. Freezing is a common
method of food preservation that
slows both food decay and the
growth of micro-organisms. Besides
the effect of lower temperatures on
reaction rates freezing makes water
less available for bacterial
growth. Freezing Freezing is a
phase transition in which a liquid
turns into a solid when its
temperature is lowered below its
freezing point. In contrast
solidification is a similar process
where a liquid turns into a solid
not by lowering its temperature but
by increasing the pressure that it
is under. Despite this

The state of the water will change

point.

hes its freezing

water is in the balloon in the
freezer

A balloon filled with water is
placed in a freezes

A laser beam is aimed at four different objects.
Through which of these objects will the laser
beam pass and be refracted? (A) a black cloth,
(B) a piece of aluminum, (C) a sheet of paper,

(D) a glass prism

The laser beam will
refracted through a glas

The varying refractive index of the
glass at different frequencies

causes the separation of different

colored components of the beam

light to bend

through a glass prism

approached. Refraction is also

rainbow-spectrum as it passes

‘A laser beam passing through a
glass prism can be refracted at
different angles causing different
colored components of the white

at the interface and become
separated

The refractive index of glass is
‘higher than that of air leading to
dispersion and the separation of

‘white light into its constituent
spectrum of colors when passing

Refraction albeit the image also
fades from view as this limit is

responsible for rainbows and for
the splitting of white light into a

by different amounts

Different colored components of
white light are refracted at
different angles when passing
through a glass prism causing them

to separate

through a glass prism. Glass has a
higher refractive index than air.
‘When a beam of white light passes
from air into a material having an
index of refraction that varies
with frequency a phenomenon known
as dispersion occurs in which
different coloured components of
the white light are refracted at
different angles i.c. they bend by
different amounts at the interface
so that they become separated. The
different

Which of these is not an instinctive

building a nest, (B) a turtle burying its eggs,
hibernating in winter, (D) a horse pulling a plow

behavior for a horse

ulling a plow is not an
instinctive behavi

pulling a plow is not a natural

behavior? (A) a bird

(C) a bear

an instinctive behavior is a
naturally occurring behavior in
animals

Instinct Instinct Instinct or
innate behavior is the inherent
inclination of a living organism
towards a particular complex
behavior. The simplest example of
an instinctive behavior is a fixed
action pattern (FAP) in which a
very short to medium length
sequence of actions without

[horses have been trained to pulD [z horse pulling a plow is learned
bel

plows by humans havior

variation are carried out in
response to a clearly defined

"Morgan horse" and well known for
their utilitarian capabilities
thereby being the chosen breed for
families that needed a horse or
horses which could pull a plow all
day in the fields on Saturday drive
the family carriage to church on
Sunday and carry its master to work
on Monday. It found favor in and

stimulus. Any behavior is
instinctive if it is performed
without being based upon prior
experience (that is in the absence
of learning) and is therefore an
expression of innate biological
factors. Sea turtles newly hatched
on a beach will automatically move
toward the ocean. A marsupial
climbs,

was used extensively for harness

erses can be conditioned to pull
racing carriage driving and

plow

a animals can be taught new behaviors
through conditioning

trotting races due to the breed's
speed and endurance in harness.
They were also heavily used on
wagon trains moving west stock
horses on cattle ranches by the US
Army as cavalry mounts and harness
horses pulling artillery

"Driving (horse)" is used in the
early stages of training horses for
riding as well as for driving.

in harness in many different ways.

a plow or other farm equipment
designed to be pulled by animals.
In many parts of the world they
still pull carts wagons horse-drawn
boats or logs for basic hauling and
transportation. They may draw
carriages at ceremonies such as
when the British monarch is
Trooping the Colour as well as in
parades o for tourist rides.
Horses can race in harness pulling
a very lightweight

Horses mules and donkeys are driven

For working purposes they can pull

"Clicker training
Clicker training i
given to an animal training method
based on a bridging stimulus (the
clicker) in operant conditioning.
The system uses conditioned
reinforcers which a trainer can
deliver more quickly and more
precisely than primary reinforcers
such as food. The term ""clicker""
comes from a small metal cricket
noisemaker adapted from a child's
toy that the trainer uses to
precisely mark the desired
behavior. When training a new
behavior the clicker helps the
animal to quickly identify the
precise behavior that results in
the treat. The technique is popular
ith dog trainers but can be

Figure 5.7: Example multiple-choice questions from ARC with NELLIE’s answer and
corresponding proof grounded in Wikipedia.
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Who was the New York City Fire Commissioner at the time of Providenza Panno’s death? (A) Nicholas

Scoppetta, (B) John J. Scannell, (C) William K. King, (D) Albert M. Arroyo, (E) Charles A. La Guardia,
(F) Rhinelander Waldo, (G) James E. Langdon

Rhinelander Waldo was the New York
City Fire Commissioner at the time
of Providenza Panno's death.

rhinelander waldo was the new york providenza panno died at a specific
city fire commissioner time during waldo's tenure

Rhinelander Waldo served as the New
York City Fire Commissioner during
the Triangle Shirtwaist Factory
fire

Providenza Panno was one of the
victims who died in the tragic
event

Triangle Shirtwaist Factory fire
Rhinelander Waldo Rhinelander Waldo The Triangle Shirtwaist Factory
(May 24 1877 — August 13 1927) was fire in New York City on March 25
appointed the seventh New York City 1911 was the deadliest industrial
Fire Commissioner by Mayor William disaster in the history of the city
Jay Gaynor on January 13 1910. He and one of the deadliest in US
resigned on May 23 1911 less than history. The fire caused the deaths
two months after the deadly of 146 garment workers — 123 women
Triangle Shirtwaist Factory fire to and 23 men — who died from the fire
accept an appointment as the eighth smoke inhalation or falling or
New York City Police Commissioner. jumping to their deaths. Most of
On December 31 1913 he was the victims were recent Italian and
dismissed by the outgoing acting Jewish immigrant women aged 16 to
mayor Ardolph Kline. Among other 23; of the victims whose ages are
achievements in office Waldo known the oldest victim was
contributed to the motorization of Providenza Panno at 43 and the
both departments. Y, youngest were 14-year-olds Kate

Leone and "Sara" Rosaria Maltese. )

Which Air Force member was behind enemy lines for 11 1/2 days and had the largest,longest and most
complex rescue mission?

Licutenant Colonel Iceal E. "Gene"
Hambleton was the Air Force member
who was behind enemy lines for 11

172 days and had the largest
longest and most complex rescue
mission.

Hambleton was behind enemy lines Hambleton had the largest longest
for 11 172 days and most complex rescue mission

/ Lieutenant Colonel Iceal E. "Gene"

[Lieulennnl Colonel Iceal E. "Gene"j [Lieulemnl Colonel Iceal E. "Genej

The rescue of Bat 21 Bravo the call
Licutenant Colonel Iccal E. "Gene™ ) (Toeal Hambleton survived for 117 mubleton ivas hot down over Sout sign for Iceal "Gene" Hambleton
Hambleton had the largest longest days behind enemy lines until he Eirhoeler rgv s (DA from behind North Vietnamese lines
and most complex rescue mission | | was retrieved in a daring ground Tensoind auriiyed fon iy was the "largest longest and most
during the Vietnam War, operation. Y complex search-and-rescue”

retrieved in a daring ground g : :
operation. operation during the Vietnam War.
Iceal Hambleton Lieutenant Colonel
Iceal E. "Gene" Hambleton USAF
(November 16 1918 — September 19

2004) was a United States Air Force
navigator and electronic warfare
officer who was shot down over
South Vietnam during the 1972

sive. He was
e el Rescuc of Bat 21 Bravo The rescuc
e e of Bat 21 Bravo the call sign for
e e Iceal "Gene" Hambleton from behind
g scated immcdizislybehindthe North Vietnamese lines was the
pilot giving him u_m call sign "Bat " s o G e
21 Bravo". He survived for 11% days ilareestionsesvand most compler)
behind enemy lines until he was pe 2

retrieved in a daring ground helVietnamyWor:

operation. His rescue was the
longest and most costly search and
rescue mi: during the Vietnam

War. He received the Silver Star

the Distinguished Flying Cross the
Air Medal the Meritorious Service
Medal and a Purple Heart for his

actions during this mission.

Figure 5.8: Example multiple-choice questions from HotpotQA with NELLIE’s answer
and corresponding proof grounded in Wikipedia.
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5.4.8 Sensitivity to Search Configuration

A recurring challenge I have faced when applying NELLIE and TREEWISE to
question-answering domains is the trade-off between reasoning precision and proof
recall. A substantial motivating factor in pursuing the RDTE project described in
Chapter 4 was the observation that the Th-based NELLIE model commonly produced
(1) proofs of incorrect hypotheses and (2) proofs of correct hypotheses that have
faulty reasoning. We showed in Section 4.5 that it is possible to train higher-precision
decomposition filters using a careful, granular prompting protocol. This reduces the
extent of false positives in the recursive search algorithm that leads to both (1) and
(2). However, this can damage the engine’s performance if it fails to populate the
search horizon with enough good decompositions.

In developing TREEWISE for question answering, my initial experimental runs
with the higher-precision reasoning filter knocked the precision-recall pendulum so far
in the direction of precision that the search commonly failed to identify any proofs
within the provided search budget of 30.

In November 2023, I made a series of key changes to the TREEWISE configuration

reflected in the final QA performance displayed in Table 5.1:

e Substantially increased the search budget from 30 to 80, and implemented a
per-question budget schedule that reaches 80 expansions only if no proof is
found for any answer option. Given 4 answer options, we start with an expansion
budget of 20 per option. We try to prove every option. If we do not prove a
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single option, we increase the budget by 10 and start again (API and retrieval

calls are cached, so only the additional expansions do not cost any time). We

continue this loop until either any answer is proved or we hit a budget of 80.

Most correct hypotheses are proved within the first 20-30 expansions. This

means the loop will break quickly most of the time, but for questions that require

longer searches, this scheduling mechanism leads to still finding proof.

e Implemented filter precision backoff: If after 80 expansions per option

TREEWISE still does not find a proof, I lower the threshold by which the

entailment filter accepts candidates and rerun the search. Rather than accepting

only 5/5-rated entailments, I let it accept 4/5 ones as well. This is purely a QA-

oriented solution, as I don’t consider a tree with GPT-rated 4/5 inferences to be

a perfectly grounded proof. This is meant only to get TREEWISE to produce

some answer prediction when it otherwise would not.

e Expanded the branching factor: TREEWISE was previously limited to

exploring just 2 filter-accepted expansions per recursive hypothesis, causing

the search to spend more time trying to prove subqueries at deeper depths.

As proving higher-up hypotheses are more likely to lead to a proof, I set the

recursive expansion budget to only 4.

e Added the forward-chaining module described Section 5.2.2.2, which

facilitated raising the number of facts considered during decomposition
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generation. Previously, the decomposition generator accepted 15 documents
that could potentially be used for decomposition. With the forward chaining
mechanism as an intermediate processing step, I now retrieve 30 documents and
provide them to the forward chainer, which produces 10 inference statements to

pass along to the decomposition generator.

The result of these changes is shown in Figure 5.9.

1.0
08
0.7
£.0.6
505

é Outcome

= B Correct (Only Correct Proved)

9]

& Correct (Outscores Incorrect Proof)

— B Incorrect (Outscored by Incorrect Proof)

g B Incorrect (Timeout)

= 0.4 B [ncorrect (Only Incorrect Proved)

E 03 B Incorrect (No Timeouts, No Proofs At All)
0.2

=

0.0
RDTE-Tuned Untuned RDTE-Tuned Untuned RDTE-Tuned
ChatGPT-3.5 ChatGPT-3.5 ChatGPT-3.5 ChatGPT-3.5 ChatGPT-3.5
(Old Search  (New Search ~ (New Search ~ (New Search ~ (New Search
Config) over  Config) over  Config) over  Config) over  Config) over
WorldTree WorldTree WorldTree Wikipedia Wikipedia

Figure 5.9: Effect of the changes in search configuration and decompositional
entailment model on TREEWISE’s performance on EBQA using WorldTree and
Wikipedia as the underlying knowledge corpus. Runs are broken down by end
scenario, with the bar portions outlined in light green corresponding to questions that
the engine answers correctly. The rate at which
increases when using the RDTE-tuned ChatGPT instead of regular ChatGPT
(column 2 vs 3 and 4 vs 5). However, this might not correspond to higher QA
accuracy, as under the previous search configuration column 1) the rate at which
both the correct and at least one incorrect are proved is lower, and the search for a

proof of the correct hypothesis . With the additions of an
expanded search budget, budget and filter precision scheduling, and forward chaining
from larger retrieval sets, we achieve higher QA accuracy.
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5.5 Discussion

In this chapter, I presented an evolution of the NELLIE entailment engine called
TREEWISE. The new engine utilizes a next generation of instruction-tuned, prompt-
based LLMs in addition to the lessons and techniques learned in the RDTE annotation
project in order to flexibly reason over noisy sources of knowledge such as Wikipedia.
In doing so, this is the first system to my knowledge that allows users to answer the
question: “does Wikipedia entail my hypothesis?” This opens up the opportunity
to apply entailment engines to problem domains for which we don’t have a clean
knowledge store of facts such as WorldTree. It lets us apply TREEWISE to new
domains such as in Chapter 6, where I illustrate its application to medical question
answering by hooking it up to a corpus medical textbooks.

My experiments evaluated TREEWISE and a series of entailment-tree-generating
baselines on two axes of success: (1) answering multiple-choice questions correctly,
and (2) answering them using correct reasoning traces. To evaluate the latter, I
introduced an automatic tree evaluation metric based on eliciting judgments from
strong LLMs under the RDTE protocol. I demonstrated that TREEWISE not only
outperforms the baseline systems, but also that improving the system’s entailment
recognition capabilities via RDTE knowledge distillation yields state-of-the-art results

by TREEWISE for evidence-grounded entailment tree generation.
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In this chapter, I will turn from considering the search component of entailment
engines to the underlying knowledge component against which query hypotheses are
grounded. A regular need in classical Al was to manually assemble collections of facts to
facilitate and ground reasoning. One such effort was to create different “microtheories”
to contain the core, generalizable kernels of facts and axioms needed by a hypothesis
prover to reason in a particular context. Microtheories were appealing for symbolic
reasoning because they provided clear, concise, and readily available distillations of the
core principles underlying a topic. They served as pieces of “computational clockwork”
reflecting how (part of) the world behaves, with statements that could work together
to answer many questions.

In the era of LLMs, we have models that have implicitly captured a lot of knowledge
about how the world behaves, though it is stored implicitly. In this chapter, I consider
(1) whether we can automatically construct explicit microtheories from large language
models and (2) consider the ways in which a microtheory framework can benefit the
neuro-symbolic entailment-based hypothesis provers described in Chapter 3 and 5.
I first introduce a question-driven extraction technique that populates a knowledge
store similar to a popular, hand-constructed resource (WorldTree). I then demonstrate
how these automatically generated microtheories benefit the performance of modern

entailment-based reasoners at question answering.
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6.1 Motivation

This chapter pursues a modern take on the notion of a microtheory (Mt): a
“bundle of assertions” that provide a mechanism for focusing on relevant information
during problem solving (Blair et al., 1992). Mts were introduced in the foundational
ontological engineering project, Cyc (Lenat et al., 1990). They are meant to capture
a core, generalizable, self-consistent representation of a problem domain to facilitate
reasoning. A domain might be “physics,” “how money operates,” or even “brushing
your teeth”. In the Cyc formulation, Mts comprised a list of first-order logic facts
and rules that bootstrapped Cyc’s symbolic hypothesis-proving algorithm. In modern
Al researchers generally take for granted that large language models (LMs) have
parametrically memorized the kinds of assertions one would expect to store in a
Mt (Petroni et al., 2019), and can explicitly or implicitly or use them for reasoning.
Accordingly, “such frameworks [as Mts| play little or no role in current Big Data-centric
approaches to AI” (Marcus and Davis, 2019), and efforts such as Cyc to handwrite, or
scrape (Schubert, 2002; Mitchell et al., 2018), vast commonsense knowledge ontologies
for which Mts serve as organizing principles have been abandoned in favor of LLMs.
The so-called “knowledge acquisition bottleneck” has been seemingly solved by data-
hungry models trained to memorize text on the web.

However, we argue that microtheories can provide important benefits to modern
LM-based reasoners. LLM-generated reasoning traces are usually not grounded in

externally verified knowledge and may include hallucinations (Ji et al., 2022), which
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hinders their widespread adoption in areas such as medicine and law where precise
reasoning is paramount and faulty evidence is impermissible (Lohr, 2023). What
would be desirable is to have some sort of explicit structure or index of knowledge
serving as an interface between LLMs’ implicitly stored knowledge and the users that
rely upon them. Having a discrete and accessible representation of the knowledge an
LLM uses to make decisions allows practitioners the ability to query, vet, and isolate
incorrect knowledge kernels offline and provides a mechanism for reasoning robustly
over the representation, the ability to add to and improve it.

In addition to verifiability, we see three other kinds of benefits that a discrete
microtheory might provide to a neural LLM-based reasoner as it did symbolic ones,

illustrated in the context of entailment-based reasoners in Figure 6.1:

e Efficiency: symbolic microtheories were designed to provide computational
efficiency, speeding up symbolic theorem provers by giving them the most
generalizable facts and rules for a problem domain. We envision similar gains
for LLM-based reasoning, whereby providing relevant knowledge-rich domain

statements can amortize some of the reasoning required for new problems.

e Grounding: filling in potential domain-relevant knowledge gaps of LMs and
serving to ground reasoning without LMs having to first memorize and the

regurgitate all necessary facts

e Seeding more accurate reasoning algorithms using true and useful statements
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in complex domains, thereby producing better quality traces and higher task

accuracy.

To illustrate these effects, we consider the recent class of entailment tree-based
interpretable reasoning algorithms (Dalvi et al., 2021; Tafjord et al., 2022; Weir et
al., 2024a). Similar to symbolic algorithms grounding a hypothesis to a symbolic
“theory” of facts and rules, these “entailment engines” ground a natural language
(NL) hypothesis to NL ‘theory’ of verified NL knowledge via forward- and backward-
chaining search. These works commonly consider the WorldTree knowledge store, a
hand-annotated corpus of 12K science facts that help explain the answers to grade-
school science questions and a resource that we argue constitutes a version of a modern,
NL microtheory for grade-school science. Using WorldTree as grounding knowledge
yields strong performance by entailment tree reasoners, who use it as the ‘leaves’ of
their proof-like trees explaining how they arrive at a hypothesis via entailment. As
WorldTree is manually crafted and is limited to a single topic domain, we ask whether
such a resource could be created automatically for new domains.

We introduce a question-driven methodology for automatically extracting a
WorldTree-like Mt for any given problem domain. This involves prompting LMs to
enumerate facts used to solve training hypotheses, then identify the core, abstractable
pieces of knowledge constantly reused for many questions in a dataset, for which we use
an LM-based entailment engine. This process inevitably faces challenges of noise due

to repetition and semantic equivalence, for which we introduce a series of techniques
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for distilling a pool of assertions down to the most powerful and reusable. We show via
human analysis that the resulting Mts contain predominantly generalizable and useful
facts in multiple problem domains (grade school science, medical question answering).

We then examine the effect of providing an automatically extracted Mt to an
entailment engine at test time when answering new questions. In the recently proposed
task of Entailment Tree Question Answering (described in Chapter 5), in which a
model must both answer a question correctly and also provide a valid tree showing
how the answer hypothesis follows from knowledge in an external NL text source such
as Wikipedia, we show that providing an mT to the engine as additional knowledge
for grounding and forward chaining improves the engine’s performance to a similar
extent to using the WorldTree corpus, and can do so for new domains not covered by

WorldTree such as Medical QA.

6.2 Background

6.2.1 Symbolic Microtheories

In symbolic logic, a deductive theory is a collection of assertions in a formal language
divided into facts and rules from which a deductive reasoner can make inferences.
While these inference engines can be powerful in applied settings, curating the right
theories for any given problem is challenging, which has spurred decades of Al research
designing and implementing ontologies for representing symbolic knowledge. The Cyc
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project was an ambitious effort to encode all the implicit common-sense knowledge
that everybody knows into a single knowledge base. Cyc encoded two million axioms,
organized into 6000 internally consistent microtheories.

Given a hypothesis to prove, the Cyc deductive inference reasoner would identify
the relevant Mt, thereby isolating the most relevant knowledge in its vast, common-
sense knowledge base, and then perform a combination of backward chaining
(identifying rules that would explain the hypothesis and recursively considering the
rules’ conditions) and forward chaining (taking statements from the Mt and applying
rules to make new inferences that are relevant to the problem). The designers of Cyc, in
part due to the challenges of scaling such a symbolic search, emphasized concision: “In
general, a microtheory should be small enough to have a reasonable set of assumptions
that most of the assertions in the context depend on” (Blair et al., 1992).

Microtheories thus exhibited the three benefits illustrated in Figure 6.1: They
improved efficiency by making an automated theorem proving search tractable and
effective with respect to a problem domain, provided completeness by providing
the core facts needed to ground a symbolic hypothesis, and improved reasoning by
generally allowing the model to answer more queries correctly.

Despite its generally unmatched size, scope, and lofty ambitions, the Cyc project
is generally viewed as a failure, having yielded a level of reasoning performance that
was unable to match those of smaller, simpler systems in competitions such as Project

Halo (Friedland et al., 2004). Part of the reason for this is due to what Sowa calls the
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challenge of “knowledge soup” (Sowa, 2006): no static ontology can be perfect for all
problems and circumstances because the knowledge in a human’s head is too noisy
and inconsistent to be written down accurately enough for a deductive reasoner to
exactly emulate it. Microtheories, as Sowa (1993) describes, were the most promising
avenue towards addressing this challenge, creating small, tightly organized theories
“floating in the soup” making the knowledge base more modular and extendable by
multiple authors to new problems by assembling multiple microtheories. Yet, he noted
the numerous open research challenges related to organizing microtheories: “How are
the microtheories related to one another, how are they combined or modified to form
new theories, and how does the system choose which theory to use to answer any

particular question?”

6.2.2 Language Models as Sources of Microtheory-

like Knowledge

The widespread adoption and development of large language models (LLMs) by
Al communities have opened new opportunities to answer these questions. LLMs
show to memorize and capably regurgitate all sorts of the world and common sense
knowledge upon careful prompting and exhibit strong performance on knowledge-
intensive benchmarks such as MMLU, which suggests a strong handle on the application

of world knowledge in many technical domains. LLMs provide a dynamic knowledge
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store of common sense (Ilievski et al., 2021; Weir et al., 2020) and world knowledge: a
version of Sowa’s knowledge soup, “a large reservoir of loosely organized encyclopedic
knowledge” stored within an LM’s neural parameters that can be queried via recent
advances in prompting. The most performant LMs such as GPT-4 (OpenAl, 2023)
have been adopted as capable replacements for human annotators for datasets and
evaluations (Zheng et al., 2023) and approach human performance on challenging
benchmarks such as MMLU (Hendrycks et al., 2021) that test for esoteric world
knowledge in various disciples.

The flexibility of LMs presents us with an intriguing possibility: while, according
to Sowa, no static ontology exists that can handle all domains, LMs might let us
dynamically construct a collection of assertions that provides the same benefits as
a symbolic microtheory, retrieving relevant knowledge from the LM’s continuous
representation and facilitating forward- and backward-chaining as needed by a
deductive reasoner. Given a new NLP task dataset, an LLM-based system could
“choose” its microtheory by extracting it as needed from its implicitly stored knowledge.

What might a microtheory actually look like for LLM-based reasoners? Notably,
LLMs have the capacity to reason in natural language as opposed to symbolic formalism;
this bypasses many of the challenges faced by the community in defining a language
suitable for representing and reasoning over the knowledge necessary to solve hard
problems. Accordingly, we will explore microtheories in the form of NL instead of

symbolic facts and rules. To illustrate this, we examine the case of entailment engines,
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which prove hypotheses against theories of natural language.

6.2.3 Entailment Engines

Much as in symbolic logic, an entailment engine performs a soft version of theorem
proving that grounds a query hypothesis H to a theory 7. Both elements are
stated in NL: H is a sentence (commonly a declarative answer to a question @), and
T = [t1,...t,] is a corpus of text passages of that can vary in length from sentences
to entire documents. Unlike symbolic logic, the engine does not rely upon a domain-
specific set of inference rules written down in an ontology. Instead, it relies on the soft
logic of textual entailment determined by data-driven neural models. The entailment
engine’s job is to determine whether 7 entails H via a compositional entailment tree 7.

Formally, we define the function ENGINE(H, T; Q) — [11,T5, ... ], where each T;
e is rooted at H
e has leaves L; = [ly,..., ]| CT

e is composed of composition steps taking the form [pi,...p;] FEo hi; J €
{1,...,|T| — 1}, where |=¢ refers to natural language entailment given the

context of question Q).

Each inference step has a corresponding model-provided confidence score. Existing
works, including those discussed in Chapter 3 and 5, assign each T; the lowest score
amongst its inferences.
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Chapter 4 provides an operational definition for |=¢ using tenets from informal
logic: P [=¢ h iff the premises in P are a sufficient argument to a target human
audience that h should be accepted as true in the context of (). Transitively, we
can surmise that the leaves L; provide an argumentative basis for accepting H. If
the engine generates multiple trees with different leafsets, we can say that Lq, Lo, . ..

constitute alternative bases that sufficiently support H.

6.2.3.1 Extending Microtheories for Neural Entailment

The neural engine described above is a departure from existing systems
capable of symbolic textual entailment reasoning (e.g. Nutcracker (Bos, 2014) or
EPILOG (Schubert et al., 2010)), for which proof search relies upon handwritten

general axioms specifying allowable inferences, e.g. (from Bos and Markert (2005)),

VeVxVy(event(e) Ain(e,y) = in(z,y)) (6.1)

which states that if an event is located in y, then so is the agent of that event. Neural
engines like NELLIE or TREEWISE instead rely upon neural models to validate
entailment and meta-rules that specify the structure, but not specific instances, of

Horn clause inference rules, e.g.

VaVyVvVQ(fact(x) A prove(y) A ([z,y] g 2) = prove(z)) (6.2)
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1. Efficiency 2. Completeness 3. Seeding Reasoning

XYEZ XYEZ XYEZ
Mt Z: nails conduct electricity? Mt Z: nails conduct electricity? Mt [Z: skyscrapers conduct eleclncily’?}
d=1 Proof exists Mt suggests
with Mt X: metal conducts Y nails are with Mt X: metal conducts Y: nails are viable search (X metal conducts| [Y: skyscrapers are
ici made of metal electricity made of metal ici made of metal?

Search fails
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External External External External External External
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Figure 6.1: Illustration of the desired benefits that adding a microtheory as a source
of knowledge should provide an entailment engine.

An instantiation of this might be

e 1 = “if an event is located in y, then so is the agent of that event”

e y = “Penny is walking in Baltimore”

e 2 = “Penny is in Baltimore”

This accomplishes the same role as the symbolic axiom using just an axiom-like NL
sentence as x and a neural entailment model for |=¢.

Moreover, while symbolic engines require symbolic facts e.g., isCountry(USA), the
neural entailment engines handle such knowledge via the same representation as they
do rules: NL text, e.g. the sentence “The USA is a country”, or alternatively, a longer
document entailing that the USA is a country such as its Wikipedia page.

We thus take a different approach to defining a Microtheory for the neural
entailment engine: rather than separately pursue facts and general rules, we can
pursue them simultaneously through the shared medium of rich, inference-supporting

natural language statements.
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6.2.3.2 How Microtheories can help Entailment Engines

While this shift away from symbolic rules alleviates the challenge of hand-
engineering carefully crafted axioms, it introduces a new set of search efficiency-related
problems. State-of-the-art symbolic provers, e.g. Vampire (Riazanov and Voronkov,
2002b), can search fairly quickly through a purely symbolic search space defined
by an ontology and find a solution within a reasonable time budget if there is one.
From Bos (2014): “the bottleneck for the logical approach to RTE isn’t the current
state of automated semantic analysis or theorem proving, but the lack of supporting
background knowledge.”! The capacity to handle knowledge stated in NL rather than
symbolic formalism reduces the burden of acquiring background knowledge.

Yet, the switch to NL explodes the search space. While symbolic search is delineated
by which symbols can unify, entailment engines rely upon a version of “weak unification”
between NL statement symbols (Weber et al., 2019), under which any two symbols can
unify with some unification score determined by a model (in our case, an entailment
model for =g). Because any two symbols might unify, the model must pick which
subset of its vocabulary are the most viable proofs. For example, in rule 2,  can unify
with any fact in a very large NL corpus, while y can unify with not only the NL corpus

but also with any other statement generated by the backward-chaining algorithm to

be recursively proved. Repeatedly calling neural models to generate candidate ys and

'As noted in Chapter 2, this position is at odds with some of the findings of the Lighthill Report,
which identified combinatorial explosion as an inevitable result of scaling up symbolic search to hard
problems. For the purposes of symbolic entailment search, however, it seems to have held for Bos.
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verify |=¢ is much slower than hard unification, which is near instantaneous. This
makes the search budget a paramount concern for the functioning of the entailment
engine algorithm. One way an Mt might benefit an engine is by reducing the burden
of the search space, making statements more viable for proving new hypotheses that

don’t have to be recursively proved.

6.2.3.3 WorldTree: a Microtheory for Entailment Engines

For a given topic, we seek the core pieces of knowledge, stated in natural language,
that best contribute (partially, if not completely) to the argumentative bases that
entail hypotheses in that domain. We take inspiration from WorldTree (Xie et al.,
2020), a resource constructed for a similar purpose in ScienceQA and used substantially
as a knowledge source in Chapter 3 and 5. WorldTree is a semi-structured, manually-
annotated knowledge base of over 9K facts organized into 66 inference-supporting tables
that “provide a substantial portion of the knowledge required to answer non-spatial,
non-mathematical elementary science questions.” (Jansen et al., 2018).? Subsets
of facts from WorldTree serve as argumentative bases for ARC answers. Various
approaches to question answering, both entailment-based, such as TREEWISE, and
otherwise (Valentino et al., 2022) have found success using it as a knowledge source via

information retrieval. The inference-supporting kinds of facts in WorldTree, therefore,

2We note that WorldTree actively contains two types of facts: so-called “central” facts (“freezing
means matter changes from a liquid to a solid by decreasing heat energy”), as well as more idiosyncratic
grounding and lexical facts (“to slow down means to decrease speed”) that are less general. The
automatic construction approaches described in §6.3 are catered towards the former category, which
is more similar to the style of concise, generalizable Mts targeted by Cyc.

171



CHAPTER 6. DISTILLING MICROTHEORIES FROM LANGUAGE MODELS

provide us an archetype to follow when constructing microtheories automatically.

6.3 Extracting a Microtheory

As described below, we translate the microtheory construction process into the
context of entailment engine-based reasoning to the NL assertions that an engine
can most commonly use to correctly answer questions for a given task dataset. We
propose to use an LLM, in conjunction with an entailment engine, to dynamically
instantiate this set of assertions. For a given dataset [Q1, ... Qq4], we extract from an
LM, via prompting, sets of facts that it would use to support the correct answer to
each question (§6.3.1). As this leads to a pool of highly redundant and potentially
ungeneralizable statements, we apply a series of optimizations to distill down the core
kernels of knowledge more concisely by identifying entailment relations (§6.3.2) and

optimizing for fact usage by the engine (§6.3.3).

6.3.1 Raw Fact Pool Extraction

We first prompt an LM to regurgitate facts on a question-by-question basis to

populate an initial factpool F:

d
F = U Decontextualize(TheoryCoT(Q;)) (6.3)
1
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We refer to the prompt as a “TheoryCoT” one because it cues the LM to perform
a version of ‘chain-of-thought’ reasoning (Wei et al., 2022) catered towards extracting
facts. It generates a list of WorldTree-like statements for @; (a question-specific
‘theory’), then an entailment tree that uses a subset of facts in the list, and finally, an
answer to the question. The prompt (shown in Figure 6.2) is a few-shot learning prompt
using exemplars dynamically retrieved?® from EntailmentBank. Each exemplar’s fact
list comprises the gold WorldTree facts from the unstructured explanation graph, and
its entailment tree is the gold entailment tree that uses a subset of the facts. Thus,
while (); might not be in the same ScienceQA domain as the exemplars, we cue the
LM to generate WorldTree-like facts that should serve similar roles as argumentative
bases in entailment trees. We discard the model-generated entailment tree and take

the generated fact list as candidates to be added to F.

3We use BM25 (Robertson et al., 1995b) for retrieval using the question text as the query as done
for declarativization and ICL-based decomposition generation in Chapter 5.
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You are an expert theory generation system that lists facts about a problem area that will help solve a reasoning question. Given a
question, you generate QUERY statements for each of the possible answers to the question. The queries should be complete statements
that exactly match the answer choices as closely as possible.

Then, you generate a theory comprising simple FACTS about the world. These should be statements that you believe to be logical and true
about the world that will help you prove the queries. A FACT is either a generic statement about the world ("birds can fly") or a
specific statement about the context that helps support the proof of the query ("Tweety is a bird").

For a QUERY, you generate at least 6 statements.

Once you generate the theory, you show how one of the QUERYs logically follows from the context. The selected QUERY corresponds to the
answer choice that you believe is correct. You can only choose one QUERY as correct.

To show your reasoning, you generate a PROOF of your chosen QUERY hypothesis. Your PROOF is an "entailment tree" that composes the FACTS
of your theory in order to show how the query is compositionally entailed by them. Each step in the tree is a composition of two or
more premises into a new conclusion, which should be used as a premise in future steps. The last step compositionally proves the
hypothesis. When you reuse the new conclusion in a later step, you refer to it by its id. Each step is separated by a newline.

#i#t#
QUESTION: Which of the following actions is most likely part of a test to find the hardness of a mineral sample? (A) heating the sample
on a hot plate (B) scratching the sample with a nail (C) hitting the sample with a hammer (D) shining a bright light on the sample

QUERIES:

(QUERY A) Heating the sample on a hot plate is most likely part of a test to find the hardness of a mineral sample.
(QUERY B) Scratching the sample with a nail is most likely part of a test to find the hardness of a mineral sample.
(QUERY C) Hitting the sample with a hammer is most likely part of a test to find the hardness of a mineral sample.
(QUERY D) Shining a bright light on the sample is most likely part of a test to find the hardness of a mineral sample.

THEORY :

(FACT 1) a mineral is a kind of material

(FACT 2) hardness is a measure of a mineral 's ability to resist scratching

(FACT 3) an example of breaking something down is scratching something

(FACT 4) a material that is soft can be broken down by a material that is hard

(FACT 5) testing often requires measuring

(FACT 6) a nail is a kind of object

(FACT 7) hardness is a property of a material / an object and includes ordered values of malleable / rigid
(FACT 8) hardness can be used to identify minerals

(FACT 9) a mineral is a kind of solid / natural material

(FACT 10) nails are often made of iron

(FACT 11) scraping an object may cause small particles to break off of that object

(FACT 12) if a mineral can be scratched by a fingernail then that mineral is soft

(FACT 13) hardness is a kind of physical property

(FACT 14) hardness is an intensive property

(FACT 15) soft is a kind of hardness

(FACT 16) experimentation requires measuring

(FACT 17) an event is a kind of action

(FACT 18) if a material scratches easily then that material has low hardness

(FACT 19) a mineral is a kind of object

(FACT 20) mineral nutrient is a kind of nutrient

(FACT 21) objects are made of materials / substances / matter

(FACT 22) rock is made of minerals

(FACT 23) a process is made of a series of actions

(FACT 24) if an object is made of a material then that object has the properties of that material
(FACT 25) testing / identifying the streak of a mineral requires the powdered form of that mineral

PROOF of Scratching the sample with a nail is most likely part of a test to find the hardness of a mineral sample.:

(STEP 1) a material that is soft can be broken down by a material that is hard & an example of breaking something down is scratching
something -> intl: a material that is soft can be scratched by a material that is hard

(STEP 2) intl & a mineral is a kind of material -> int2: if one mineral can scratch another mineral then that other mineral is softer
than that one mineral

(STEP 3) hardness is a measure of a mineral 's ability to resist scratching & int2 -> hypothesis: Scratching the sample with a nail is
most likely part of a test to find the hardness of a mineral sample.

ANSWER: B

###
QUESTION: {question}

QUERIES:
{queries}

THEORY :

Figure 6.2: TheoryCoT in-context learning prompt for extracting World Tree-like facts
from an LLM for a given question.
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#i#t#

QUESTION: A 47-year-old woman with chronic epigastric pain comes to the physician because of a 1-month history of intermittent, loose,
foul-smelling stools. She has also had a 6-kg (13-1b) weight loss. She has consumed 9-10 alcoholic beverages daily for the past 25
years. Seven years ago, she traveled to Mexico on vacation; she has not been outside the large metropolitan area in which she
resides since then. She appears malnourished. The stool is pale and loose; fecal fat content is elevated. An immunoglobulin A serum

anti-tissue transglutaminase antibody assay is negative. Further evaluation is most likely to show which of the following? (A)
Trophozoites on stool microscopy, (B) Pancreatic calcifications, (C) Villous atrophy of duodenal mucosa, (D) Positive lactulose
breath test

QUERIES:

(QUERY A) Further evaluation is most likely to show trophozoites on stool microscopy.
(QUERY B) Further evaluation is most likely to show pancreatic calcifications.

(QUERY C) Further evaluation is most likely to show villous atrophy of duodenal mucosa.
(QUERY D) Further evaluation is most likely to show a positive lactulose breath test.

THEORY :

(FACT 1) Chronic epigastric pain can be a symptom of various gastrointestinal disorders.

(FACT 2) Intermittent, loose, foul-smelling stools can be a sign of malabsorption.

(FACT 3) Significant weight loss can be a sign of malnutrition or malabsorption.

(FACT 4) Long-term, heavy alcohol consumption can lead to pancreatitis and malabsorption.

(FACT 5) Travel to certain regions can expose individuals to parasites that cause gastrointestinal issues.

(FACT 6) A negative immunoglobulin A serum anti-tissue transglutaminase antibody assay rules out celiac disease.

(FACT 7) Malabsorption can lead to elevated fecal fat content.

(FACT 8) Pale and loose stools can be a sign of malabsorption.

(FACT 9) Pancreatic calcifications can be a sign of chronic pancreatitis.

(FACT 10) Villous atrophy of duodenal mucosa can be a sign of celiac disease or other gastrointestinal disorders.

(FACT 11) A positive lactulose breath test can indicate small intestinal bacterial overgrowth (SIBO).

PROOF of Further evaluation is most likely to show pancreatic calcifications.:

(STEP 1) Long-term, heavy alcohol consumption can lead to pancreatitis and malabsorption & Significant weight loss can be a sign of
malnutrition or malabsorption -> intl: The patient's long-term, heavy alcohol consumption may have led to pancreatitis and
malabsorption, causing significant weight loss.

(STEP 2) intl & Intermittent, loose, foul-smelling stools can be a sign of malabsorption -> int2: The patient's intermittent, loose, foul-
smelling stools are likely due to malabsorption caused by pancreatitis.

(STEP 3) int2 & Pancreatic calcifications can be a sign of chronic pancreatitis -> hypothesis: Further evaluation is most likely to show
pancreatic calcifications.

Figure 6.3: Example TheoryCoT output for a MedQA question. The generated proof
steps are thrown out and the generic facts are added to the fact pool F. Context-
specific facts are discarded.

We observe that the LLM frequently generates context-specific sentences in the
process of grounding certain hypotheses, e.g., about specific entities in the question (e.g.
“Penny is in Baltimore”)* Since we wouldn’t want to add this sort of statement to our
Microtheory, we create a filtering mechanism (Decontextualize() in (3)) that prompts

the LLM to classify each fact as generic or context-specific and keeps only the former.?

4This phenomenon also occurs in EntailmentBank trees, where some leaves are entailed by the
question text.

5As with any LM-based method, this process is imperfect and permits the occasional context-
specific statement to be added to F. We observe that it is often filtered by the optimization techniques
below and rarely impacts downstream reasoning.
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6.3.2 SBERT and Entailment-based Condensation

As fact lists are extracted independently for each question, one would expect
substantial repetition within the unified pool. The same information might be stated
slightly differently, and some facts might subsume one or multiple others. We thus use
a pair of neural techniques to remove semantic duplicates and facts that are entailed

by others.

6.3.2.0.1 SoOFT DEDUPLICATION

We first identify pairs of paraphrases using an SBERT bi-encoder model trained
to maximize the embedding cosine similarity based on semantic textual similarity
(STS).® We perform a linear pass of F and remove every fact f; for which 3f; € F,j >

i, cos(SBERT(f;), SBERT(f;)) > t for some threshold ¢.”

6.3.2.0.2 ENTAILMENT CONDENSATION

We then perform a second pass through F to find pairs f;, f; s.t. f; = f;, and
remove f;. We use a neural cross-encoder trained for entailment classification.® As it
would be computationally infeasible to check all |F|? pairs of facts, we leverage the

SBERT bi-encoder once more to whittle down to the most promising candidates. We

check for entailment between any two facts f;, f; iff cos(SBERT(f;), SBERT(f;)) >

6all-mpnet-base-v2
"We use t = .9.
8sileod/deberta-v3-large-tasksource-nli
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w,u < t.?
The resulting condensed factpool C C F should contain fewer semantically

equivalent statements.

6.3.3 Engine Usage-based Optimization

Even after removing duplicates and entailed facts, we observe a substantial amount

of facts that are distinct but serve the same functional role. For example,
(A) An object’s acceleration can be calculated by dividing force by mass
(B) The force acting on an object equals mass times acceleration

(A) and (B) serve the same role in many physics questions but imply slightly different
things.

While this might be acceptable when populating a large, noisy knowledge store
with infinite storage, we instead seek a more concise representation without functional
redundancies. Towards this goal, we propose a series of approaches to identify some n
most effective statements to retain in the Mt. We will refer to the resulting sets as
n-Mts.'® Under this budgetary constraint, we would not want to retain both (A) and
(B) in the n-Mt if keeping both meant discarding some (C) that is important to answer

other questions. The three approaches described below are illustrated in Figure 6.4.

"We use u = 0.3.
10, is a user-specified hyperparameter; below, we will observe that n represents a trade-off between
concision and performance, and there is no singular way to discern an ideal n value.
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hy4: Water molecules in
the air forming dew on
grass is an example of
condensation.

hy: It takes less heat hg: Clothes dry
) q " energy to turn water into quicker on a hot
h: Water will boil at gas at high altitudes. day.
less than 100°C on

top of a mountain.

f1: Water boils
at 100°C at sea
level.

f5: Evaporation £ Boiling and fe: Condensation
and boiling imply evaporation are the is the opposite of
liquid turning into two main forms of evaporation.

f3: Air pressure
decreases with
altitude.

gas. liquid vaporization.
fi;: Tge (el p(ii:ﬂ of f4: Increasing temperature
water decreases at lower increases the rate of evaporation
P (=SS and approaches boiling.
*
[4'Mtusage f3 f4 f5 f5 }
[4—MtQC f3 fa fs fe }
(4 Mtpg f () s ]

Figure 6.4: Comparison of three different optimization techniques for extracting n-Mts
from a larger fact pool C. The usage approach prioritizes facts based on the number of
questions for which they are used. This risks keeping facts that serve the same role in
explaining the same hypotheses (e.g., f5 and f¥ are both kept, even though only one is
needed to explain hs, h3, and hy). The question coverage (QC) approach maximizes the
number of hypotheses for which the n-Mt contains all of a supporting argument’s leaves
(here the three hypotheses ho, hg, and hy). This risks failing to cover some hypotheses
at all (e.g. hy). Partial coverage (PC) maximizes the total fraction of the argument
covered for all questions (preferring the most covered argument for each h, if there is
more than one). In this example, coverage = 0.66+1+1+.5 = 3.16 (out of a possible 4).

6.3.3.1 Top-n Most Used Facts

We seek the set of facts that best “covers” the argumentative bases for a given
dataset of hypotheses. One intuitive way to choose these facts is to feed them to an
entailment engine and see which ones are used most frequently to explain hypotheses

in the dataset. We will refer to this approach as the usage n-Mt. Using training
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questions @) ... Q4 and hypotheses h; ... hg:

d
n-Mtyage = argmax » > §(f; € LEAVES(ENGINE(h;,C;Q;)))  (6.4)
mee Mi=n o 5

Where LEAVES refers to the leaf set of all facts used at least once by the ENGINE in
an entailment tree for h;. However, this objective does not address the functional
redundancy issue for fact pairs such as (A) and (B). If (A) and (B) serve the same
role in entailing a given hypothesis, then the engine will likely produce a tree that
contains (A) as a leaf, and a similar tree that replaces (A) with (B). Both facts will
be in the leaf set for a similar number of questions, so if one is in the top-n most used

facts, the other will likely also be.

6.3.3.1.1 MAXiMUM QUESTION COVERAGE LINEAR PROGRAM

We construct an objective function that maximizes the number of train hypotheses.
Given each question (); is associated with bases £; = Ly, Loj, . .., we will attempt to

fully cover at least one Ly; for as many questions as possible using only n facts.!

d

n-Mtqc = argmax Zé(Hij € LEAFSETS(ENGINE(h;,C; Q;)); Ly; C M) (6.5)
Mec,|Ml=n 5=

We implement a linear program to perform this optimization.

"This is a version of the maximum coverage problem in Computer Science; we have a universe of
facts C, many subsets of the universe (the Ls), and will attempt to select a n-subset of the universe
M that contains Ls corresponding to am maximum number of questions.

179


https://en.wikipedia.org/wiki/Maximum_coverage_problem

CHAPTER 6. DISTILLING MICROTHEORIES FROM LANGUAGE MODELS

6.3.3.1.2 n-MTqc ILP IMPLEMENTATION

We set the objective function to achieve the following goals, ordered by precedence:
e Maximize the coverage of questions by at least one proof tree.
e Maximize the number of proof trees covered by the selected facts.
e Minimize the number of facts included in the new theory.
We define the objective as

IC] d |L4]

min Z T — Z wzi + Zykj (6.6)
i=1 k=1

j=1

Where z; is a binary variable indicating whether fact ¢ is included in the Mt, y;; is a
binary variable indicating whether basis Ly; for question j is covered by the selected
facts, and z; is a binary variable indicator whether question g; has at least one basis
fully covered. We set w to be sufficiently high to dwarf the other terms, using them
only for breaking ties.

We impose the following constraints:

e At most n facts are kept.
IC]

in <n (6.7)
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e Fach Lj; is “covered” iff all its facts are kept.

| Lkl

1=1

e BEach question is “covered” if at least one of its bases is “covered”

I£;1
VL, >y > (6.9)
j=1

6.3.3.2 Maximum Partial Coverage Linear Program

The program optimizing (5) leaves question coverage as a binary decision variable:
for each @);, either an entire argument basis is kept, or ); is not covered. We consider
a variant that loosens this constraint, allowing for partial coverage of questions.'?> We
construct an objective function that maximizes the per-question partial basis coverage.
Given each question (); associated with bases Ly;, Lo;, ..., we try to keep facts to best

cover some Lj,.

M N Ly;
n-Mtpc = arg max Z arg max M

(6.10)
MCC | M|=n Ly;€LearSETs(ENGINE(h;,C;Q;5)) |ij|

j=1

2For 3 questions, it is perhaps more desirable to cover 70%, 70%, and 70% of a basis for each
than to cover 100%, 100%, and 0%.
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6.3.3.2.1 n-MTpc ILP IMPLEMENTATION

We set the objective function to achieve the following goals, ordered by precedence:

e Maximize the partial coverage of each question by the selected facts.

e Minimize the number of facts included in the new theory.

We define the objective as

c d
min lez — prj (6.11)

i=1 j=1
Where z; is a binary variable indicating whether fact 7 is included in the Mt, p; is
a continuous variable indicating the maximal partial coverage of question j by the
selected facts, and yy; is a continuous variable indicating the coverage of basis Ly, for
question j by the selected facts. zj; is a binary indicator of whether a given Ly; is the

highest coverage of question j attained by the solution.

We impose the following constraints:

e At most n facts are kept using Equation 6.7.

e Each Ly; is “covered” by the proportion of its facts that are kept.

1
Vij, Ykj = |L_

kj ’ 1€ L,

T (6.12)

e Two constraints that enforce p; equals the highest partial coverage for question
7 using the Big M method: The maximal partial coverage of each question is at
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least as large as the coverage of each of its bases.

V,Cij’, D Z Ykj — M(l - ij) (613)

and the maximal partial coverage of each question does not exceed the coverage
of each of its bases.

VLij, Dy S Yk -+ Mij (614)

e Eixactly one z;; is active per question.

[£;]

VL, > =1 (6.15)

k=1

6.3.3.3 Retaining Inferences

When collecting the bases L;;, we want the entailment engine to best identify which
facts and sets of facts are most commonly reused across questions. Since the engine
has the potential to miss certain combinations, we add a mechanism to encourage it to
reuse inferences made during earlier training questions @), ...Q;_; when finding bases
for Q;. After each call to ENGINE(h;, C; Q;)), we take all intermediate sub-hypotheses
grounded by the engine to facts in C in the process of proving h;, some §; and add
them to the fact pool for all future questions 5 > . Whenever the engine uses any
subhypothesis s € S;, we replace it with all the ways the engine proved s using bases in
C. For example, if the engine returns basis [fi, s] and s was itself previously grounded
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by the sets [fa, f3], [fo, fa], we replace [f1, s| with [f1, fo, f3] and [f1, fo, fa]. 13

6.4 Entaillment Engine Experiments

I evaluate the quality of our constructed microtheories over two domains: ARC,
comprising grade-school science questions, and MedQA , comprising medical questions
from the USMLE medical school exams.

We target the ability of methods to extract sets of generalizable knowledge from
training questions and then apply them readily to test questions. This requires
train/test splits that are about the same topics. Due to computational efficiency issues,
it is impractical to run the entailment engine over thousands of training questions.
Thus, for our initial exploration of engine-supporting microtheories, I create mini-splits
of ARC and MedQA that contain topically similar questions. I construct a clustering
algorithm shown in Algorithm 4 that gathers questions targeting similar knowledge by
iteratively prompting an LLM to identify core knowledge sentences for each question,
cluster the knowledge sentences using SBERT, then prompt the LLM to “caption” the
sentence clusters with topic labels. For the embedding clustering algorithm I use the
SentenceTransformer-based community detection algorithm that clusters sentences
greedily according to some minimum cosine similarity threshold, which I set to 0.6.

For ARC, I construct a question split containing 9 topic clusters including “Genetics

I3As this can result in a combinatorial explosion, we limit the number of fact sets “unfolded” in
this way to a total of 1000 per question.
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Algorithm 4 Two-Step Clustering Algorithm for Question Grouping by Core Topic

1: procedure TWOSTEPCLUSTERING(()) — Hierarchically clustered questions with

10:
11:
12:
13:
14:
15:
16:
17:
18:
19:

20:

2
3
4:
5:
6
7
8
9

topic and hypertopic labels:

core_ facts = ||
forall ¢; € @ do
core_ fact = LLM.EXTRACTCOREFACT(¢;)
core_ facts += core_fact
end for
clusters = SBERT.CLUSTER(core__ facts)
topic_labels = ||
forall ¢; € clusters do
topic_label = LLM.GENERATETOPICLABEL(c;)
topic_labels += topic_label
end for
topic_clusters = SBERT.CLUSTER(topic_ labels)
hypertopic_labels = ||
forall tc;, € topic_clusters do
hypertopic_label = LLM.GENERATEHYPERTOPICLABEL(tcy)
hypertopic_labels += hypertopic_label
end for
Assign topic_labels and hypertopic labels to corresponding questions

in Q)

return () with hierarchical topic and hypertopic labels

Mini-Split ARC MedQA

# Questions  854/127/249 641/94/186
# Subtopics 9 4
| F| 20,561 11,082
IC| 8,722 8,183
External Corpus  Wikipedia ~ Wiki + MedQA Textbooks

Table 6.1: Dataset and fact pool statistics for the two considered domains.

and Evolution”, “Force, Mass, Acceleration and Gravity”, and ‘“Plant Growth and

Reproduction.”. For MedQA, T construct a split containing 4 clusters including “The

Effects of Smoking on Health” and “Kidney Function and Disorders.”
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6.4.0.1 Evaluated Methods

I construct n-Mts for n=100, 500, 1000 using the usage, question coverage and

partial coverage approaches described in §6.3.

6.4.1 Entailment Engine Configuration

[ use TREEWISE (Weir et al., 2024b) as our entailment engine. For ARC, I use GPT-
4 (gpt4-0613) as the underlying LM to extract the Mts from training questions, and
ChatGPT (gpt-3.5-turbo-1106) as the LM for test questions. I use the fine-tuned
ChatGPT instance from Weir et al. (2024b) to verify entailment steps. For MedQA, I
use Mixtral-8x22B-Instruct-v0.1 (Jiang et al., 2024) as the underlying LM for both
extraction and test-time inference. To collect training proofs, I explore up to depth 2

for ARC hypotheses (which are easier to prove) and up to 40 expansions for MedQA .

6.4.2 Extraction Results

Table 6.1 displays various statistics about the number of questions and size of the
resulting fact pools created during extraction. I set a time limit of 1 hour for each ILP

run. The MedQA raw factpool F is only half the size of the ARC one, despite having

\MedQA hypotheses require greater depth proofs on average than ARC. I found that even with
40 expansions, TREEWISE often timed out without finding a proof. To partially address this, I
reconfigured the TREEWISE engine to no longer generate all decompositions at a particular depth in
parallel; this is often wasteful of the budget since for a given decomposition fi, fa =g h, there is no
point in decomposing fo if f; can’t be proved. There are around 10 premises on average within the
first round of up to 6 (a hyperparameter) decompositions of the top-level hypothesis; by turning off
parallelism, I can reallocate the 40-expansion budget to lower-level hypotheses and improve grounding.
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75% the number of questions— this reflects the fact that more of the LLM-extracted
facts about MedQA questions are contextual ones that pertain to the specific patient
case described in each question. These are filtered out of F by our contextual fact
identification prompt. Figure 6.5 shows histograms for how frequently each fact in C

was used in the 650-850 questions.

MedQA
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Figure 6.5: Histogram of per-fact training question usage rate for the 8000 facts in C
and 650-850 training questions.

In both datasets, a substantial fraction of facts (5000/8000) are never used in a
proof.'® A couple dozen facts in ARC are used in more than 10 questions, which is
the case for less than 10 facts in MedQA, suggesting that there are fewer singular

generalizable core facts in the MedQA fact pool that provide support for many

15This implies that the optimization methods described in Section 6.3.3 select around 3000 facts
that were used at least once in a training proof.
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questions. This is unsurprising, as USMLE exams are much more complex than
grade school science and require memorization of much more information that can
be more esoteric. This highlights a challenge faced when attempting to apply the
notion of a microtheory to a domain such as medicine that requires high levels of
rote memorization and complex applied knowledge. Whether a concise microtheory
will be helpful in a domain correlates at least partially with the extent to which
there exists a small set of generalizable and frequently relevant facts for that domain
at all. I did not consider an open domain, entity-centric domain such as Natural
Questions (Kwiatkowski et al., 2019) or HotpotQA (Yang et al., 2018) for this reason;
each question targets different specific world knowledge contained in Wikipedia.
Figure 6.6 and 6.7 list the top-25 most frequent facts used for training questions, as
well as a sample of 10 from the long tail of facts used for only one question. I also show
which of these facts are retained in the partial coverage 100-Mtpo. The top ARC facts
are very similar to the kind that appear in WorldTree; many of the facts in MedQA
are about chronic obstructive pulmonary disease (COPD), reflecting that the Smoking
topic is the largest in the training set and that COPD is a common medical condition

associated with smoking. Multiple COPD facts are not retained in the microtheory.
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Fact #Qs  Mtpc
any feature which is determined by genes that can be transmitted from parent to offspring during 23 Yes
reproduction is considered an inherited trait

the earth turns on its axis from west to east once every 24 hours 22 Yes
sedimentary rocks are most often formed by the compaction and cementation of sediment, which is 20 Yes
material transported and deposited by wind, water, or ice

the tilt of earth’s axis is the reason for the changing amount of sunlight that each hemisphere receives, 20 Yes
which in turn is the driver for seasons

genes are the instructions for physical traits that pass from parents to offspring 20 Yes
Though Earth’s revolution around the Sun does affect the duration of daylight and darkness, the 19 Yes
basic existence of the two phenomena is due to Earth’s rotation on its axis

inheriting means receiving genetic information and traits from a parent or parents 19 No
Physical traits of an organism, such as fur color, eye color, and size, can be genetically passed from 19 Yes
parents to offspring

The rotation of the Earth regulates the daily cycle of day and night, not the seasonal cycle 19 Yes
the rotation of the Earth on its axis is the movement of the Earth around a central point, once every 18 No
24 hours

Earth’s rotation is the spinning of the Earth around its imaginary axis that passes through the North 17 Yes
and South Poles

The Earth’s rotation period is constant, providing a predictable cycle of day and night 17 No
the tilt of earth ’s axis changes the angle of sunlight and thus seasonal temperatures 16 No
The rotation of Earth causes day and night and affects climate, but does not directly affect soil 16 No
formation

parents pass on traits or characteristics, such as eye color and blood type, to their children through 16 Yes
their genes

the force of gravity between two objects increases as the mass of the objects increases and decreases 16 Yes
as the distance between the objects increases

children inherit their physical traits from both of their biological parents 15 Yes
inherited behaviors are genetically passed on from parents to offspring 15 No
the sun, moon, and stars appear to rise in the east and set in the west because of Earth’s rotation 15 Yes
the force of gravity on an object is determined by its mass and its distance from the Earth’s center of 14 Yes
mass

the earth is tilted at an angle of about 23.5 degrees, this tilt—combined with factors such as Earth’s spin 14 No
and orbit—Ileads to variations in the duration of sunlight received on various parts of Earth’s surface

The Sun’s light illuminates half of the Earth at a time, creating our experience of day and night as 14 Yes
the Earth rotates

As Earth rotates around its axis, different stars appear at different positions in the sky 14 Yes
Weathering and erosion are natural processes that significantly alter the shape, size, and texture of 14 No
rocks

Processes needed in formation of a sedimentary rock are weathering, erosion, deposition, compaction, 14 Yes
cementation

Whales utilize ocean currents and temperature gradients to guide their migration routes 1 No
Mutations can be caused by various factors such as exposure to radiation, certain chemicals, or errors 1 No
during DNA replication

a tree requires sunlight to grow 1 No
lava beds are igneous rock, formed from cooled lava 1 No
wilting is a survival mechanism, limiting water loss by reducing the surface area exposed to the sun 1 No
Mendel’s experiments with pea plants were focused on heredity 1 No
a flood plain is an area near a river where the land tends to flood often 1 No
Fertility in offspring is a sign of successful interbreeding within a species 1 No
The effectiveness of erosion varies with the amount and force of the eroding agent (wind, water, etc.) 1 No
glaciers often leave behind distinctive landforms and features that were created by their movement 1 No

and melting

Figure 6.6: Top-25 most and 10 least used (at least once) facts in the ARC microtheory.
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Fact #Qs  Mtpc
Smoking is a significant risk factor for many diseases, including chronic obstructive pulmonary disease 22 Yes
(COPD) and lung cancer

Chronic obstructive pulmonary disease (COPD) is a common respiratory condition that can be caused 21 Yes
by long-term smoking and can lead to respiratory failure and death

A 68-year-old man who has smoked 1 pack of cigarettes daily for 40 years is at high risk for lung 16 No
cancer and chronic obstructive pulmonary disease (COPD)

Smoking is the leading cause of COPD 15 No
Decreased urine output, increased creatinine, and decreased creatinine clearance are signs of kidney 14 No
injury

The patient’s symptoms and laboratory findings are consistent with nephrotic syndrome, which is a 13 No
condition characterized by high levels of protein in the urine and low levels of serum albumin

The patient has a history of smoking, which can cause damage to blood vessels and other organs 13 No
COPD is a progressive lung disease that makes it hard to breathe. It is caused by damage to the 12 No
lungs from smoking or other factors

The longer the duration and the more packs per day a person smokes, the greater the risk of lung cancer 11 No
The patient has a history of smoking and drinking alcohol, which increases the risk of lung infections 10 No
and abscesses

A urea nitrogen concentration of 42 mg/dL and a creatinine concentration of 2.3 mg/dL are both 10 Yes
elevated and indicate kidney damage

The patient’s BUN and creatinine levels are slightly elevated 10 No
A 50 pack-year smoking history is a significant risk factor for lung cancer 10 No
The patient has a history of smoking, which can cause lung conditions that lead to a chronic cough 10 No
The man’s elevated creatinine level is another indicator of kidney damage 10 No
The disorder described in the question is caused by a mutation in an autosomal gene and is not 10 Yes
expressed in all individuals who inherit the mutated gene, suggesting it is autosomal recessive

Smoking two packs of cigarettes daily for 40 years is a risk factor for lung cancer and heart disease 9 No
Symptoms of UTIs include suprapubic pain, urinary frequency, and a positive leukocyte esterase test 9 Yes
Bloody urine, also known as hematuria, can be a sign of various medical conditions, including urinary 9 Yes
tract infections, kidney stones, bladder cancer, or kidney disease

Urea nitrogen and creatinine are waste products that are filtered out of the blood by the kidneys. 9 No
High levels of these waste products can indicate kidney problems

The patient has a history of alcoholism, which can lead to liver damage and hepatic encephalopathy 8 No
Severe hypertension can cause damage to the kidneys, leading to high urea nitrogen and creatinine 8 No
levels and proteinuria

Chronic obstructive pulmonary disease (COPD) is characterized by a persistent airflow limitation 8 Yes
that is usually progressive

Autosomal recessive disorders are caused by mutations in genes on non-sex chromosomes and require 8 No
two copies of the mutated gene to manifest

The presence of blood in urine with dysmorphic features and RBC casts suggests a glomerular disease 8 Yes
The Gram stain showing gram-negative diplococci suggests the presence of Neisseria meningitidis, a 1 No
type of bacteria that can cause meningitis

Togavirus, Paramyxovirus, and Picornavirus can cause myocarditis 1 No
A positive quellung reaction indicates the presence of Streptococcus pneumoniae or Neisseria 1 No
meningitidis

Prominent nucleoli, coarse chromatin, and multiple nuclei can be signs of cancer 1 No
Widely spaced nipples and prominent heels and convex, rounded soles are physical features that are 1 No
not typically associated with any specific genetic disorder

Fat necrosis is characterized by the breakdown of fat tissue 1 No
An FVC of 78Turner syndrome is also associated with an increased risk of mitral valve prolapse, 1 No
which is a condition in which the mitral valve does not close properly

Turner syndrome can cause ovarian dysgenesis, which is the failure of the ovaries to develop properly 1 No
Prader-Willi syndrome patients often have a small head size 1 No

Figure 6.7: Top-25 most and 10 least used (at least once) facts in the MedQA
microtheory.
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6.4.2.1 Qualitative Microtheory Examples

Figure 6.8 depicts a subgraph of a much larger network of entailments connecting
statements in C to 18 of the training hypotheses. It shows which of these statements
were retained by the partial coverage Mt for their support of multiple related hypotheses.
The subgraph illustrates 4 cliques: one for hypotheses about the gravitational force
between objects, and 3 about the force, acceleration, and mass of objects in motion.
The core statements retained in the Mt are mainly versions of Newton’s second law
of physics, F' = m - a and Newton’s Law of universal gravitation. While a singular
fact describing the law might theoretically serve the same purpose in proving all
these hypotheses, I observe that the entailment engine prefers to use separate facts
representing different interpretations of the law (e.g., how to calculate net force vs how
to calculate the force required to move an object). This may also result from imposing
a depth-2 limit on the training proof search. It would perhaps require more “legwork”
by the entailment engine to construct a chain of more than 2 entailments from a single

statement, e.g., just ‘force equals mass times acceleration,” to each hypothesis.
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Figure 6.8: Subgraph showing some of the statements from the 200-Mtpc ARC
microtheory ([orange) and their influence on proving training hypotheses (' green ) in

different question contexts ( yellow ). The partial coverage (PC) algorithm selects facts
from C that provide coverage for multiple questions. Facts from C that are specific
to only one or two questions (Jli@r661!) are not selected. Each dot (-) represents an
entailment; inferences ( grey and green ) can be supported by alternative entailments
in the form of multiple entering edges. In this instance, the PC algorithm retains 5
facts mostly related to Newton’s second law, which is core to multiple subtopics in
grade school physics tests (motion, friction, gravitational attraction). Only the [orange
nodes are retained in the microtheory for test time inference; all other statements are
discarded.

Figure 6.9 shows a similar subgraph for the MedQA microtheory, this time
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illustrating the facts retained by the full question coverage 100-Mtqc. Hypotheses are
fully thus grounded to Mt statements and the context passages of their respective
questions. This graph also illustrates the effect of retaining inferences during the serial

computation of the Lj; leaf sets.

Figure 6.9: Subgraph showing some of the statements from the 100-Mtgc MedQA
microtheory (forange|) and their influence on proving training hypotheses ( green ) in

different question contexts ( yellow ) related to clinical cases. Unlike the PC approach,
the question coverage (QC) approach ensures the full grounding of each training
hypothesis using facts from the micro theory. As MedQA hypotheses often require many
entailment hops, the inference retention mechanism described in Section 6.3.3.3 helps
prove hypotheses using inferences ( light orange ) grounded from previous questions,
some of which are omitted for space.
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6.4.2.2 Coverage of Training Hypotheses

How well do the usage-based optimization methods actually do at covering the
argumentative bases for the sets of training hypotheses? Figure 6.10 shows the
fraction of full and partial coverage by each Mt approach. I define fractional coverage
of a question (); as in Section 6.3.3.2: the highest fraction of leaves amongst all
argumentative bases Ly; for the question. As expected, total coverage increases with
the size of the Mt. Unexpectedly, the partial coverage linear program obtains a higher
full coverage rate than the full question coverage LP; this suggests either that the
latter’s optimization search did not converge within the hour time limit or that it
found a local minimum. The Mt,g,ge also outperforms the QC approach regarding both
full and total coverage on ARC, but the trend is reversed for full coverage on MedQA.
Full coverage is overall substantially lower on MedQA than ARC, highlighting that 50
to 500 facts is not enough to fully explain the distribution of questions appearing in
the 4 MedQA topics comprising the data.

The coverage rates of 88.3 and 74.2 represent the effective maximum total coverage
of each training set given the results of the entailment engine; it failed to find a single
basis for 12% and 26% of the ARC and MedQA hypotheses, respectively. The partial
coverage algorithm is, therefore, able to achieve 77-80% of the optimal coverage rate

using half as many facts (n = 500 vs. 1000).
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ARC Coverage Rate by Approach and Budget
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Figure 6.10: Rate of coverage of training hypotheses produced by the different
microtheory approaches. Orange bars are the sum total of fractional coverages for
questions not fully covered by the Mt.

I also implemented a version of the linear program that found the true optimal
set of facts, i.e., the smallest set that fully covers bases for all hypotheses for which
the prover found at least one. Table 6.2 shows that 744 ARC questions over 9 topic
clusters required a minimum of 800 facts for “full coverage,” a ratio of 1.08 facts per
question. Meanwhile, the MedQA questions over 4 clusters required nearly twice as

many facts per question.
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Dataset ARC MedQA
# Topic Clusters 9 4

# Training Questions 854 641

# Questions with Proof 744 (89.3%) 476 (74.2%)
Minimum Facts for Proof Coverage 800 918
Fact/Question Ratio 1.08 1.91

Table 6.2: Results of “minimum fact” linear program that finds the fewest facts that
totally cover a set of training hypotheses.

While this is a noisy approximation,'® it highlights that the total amount of
knowledge required to answer MedQA questions (in the form of generic factual
statements) appears to be substantially higher for MedQA than ARC questions, which
is somewhat unsurprising given the discrepancies between domains; grade school
science questions test for rote memorization and application of a specific subset of
general science facts by young children. The USMLE exam questions test for rote
memorization of a much larger amount of information by medical students 10 to 15
years older. MedQA questions require a complex understanding of anatomy, specific

drugs, and clinical decision heuristics that cover a broader scope of knowledge.

6.4.3 Test Evaluation

I run a series of evaluations in an effort to test which of the perceived benefits
illustrated in Figure 6.1 of efficiency, completeness, and seeded reasoning show

to materialize when the Mts are used to answer unseen test hypotheses.

16The entailment engine can produce errors and produce proofs that use fewer facts than would
actually be sufficient argumentative bases for each hypothesis.
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For efficiency, we will test whether more or less work has to be done to prove
hypotheses on the basis of the number of hops per entailment tree. For completeness,
we will examine whether we improve the rate of full test hypothesis grounding. And
finally, for completeness, we will test how well the entailment engine performs
multiple-choice question answering using the QA scenario explored in Chapter 3 and

Chapter 5.

6.4.3.1 External Knowledge Sources

Entailment engines are designed to answer whether a corpus fully entails a
hypothesis. During extraction, the facts in F and C are likely to fully ground a
training hypothesis because they contain facts coming from a TheoryCoT LLM prompt
specifically for the corresponding training question. Accordingly, I could evaluate
the extent to which our microtheory methods were able to cover the argumentative
bases that the entailment engine consistently found within these factpools. This is less
likely the case for test questions— full grounding of test hypotheses might require more
idiosyncratic, question-specific facts that are unlikely to be extracted and retained
after optimization for the most generalizable facts. For example, a question about a
highly specific plant breed might require the fact about that breed; if there was no
training question about that breed, it is unlikely the Mt will contain the fact.

I thus propose to use the Mt in conjunction with a larger encyclopedic knowledge

source. | use a retrieval index over Wikipedia (the same as used in Chapter 5) as our
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base corpus and then evaluate the impact of combining that index with a microtheory.

For MedQA, T also add an index over the medical textbooks released as a support
knowledge source with that dataset. Whenever TREEWISE invokes its document
retrieval module for a given hypothesis, I concatenate the results of retrieving from the
Microtheory to the results from the external sources, thereby doubling the number of
support documents checked for entailment of a query hypothesis and, in the absence
of an identified entailing document, the number of documents shown to the forward-

chaining LLM prompt when producing candidates decompositions of the hypothesis.

6.4.3.2 Baselines

To illustrate the effectiveness of the optimization methods, I compare them against
a baseline that samples n random facts from F. T also compare against using the
entire raw pool F as the Mt. For ARC, I compare against the gold WorldTree resource,
the version of which I use has 12,657 facts. I also consider using only the facts in
WorldTree labeled as “core” by the WorldTree annotators for at least one question in

their dataset (8722 of 12657 facts).

6.4.4 Coverage of Correct Test Hypotheses

I first evaluate whether microtheories improve the engine’s ability to entail true
test hypotheses (declarativized correct answers to unseen test questions) using the

combination of a microtheory and an external corpus. Figure 6.11 depicts the
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hypothesis grounding rates resulting from adding various microtheories as additional
sources of grounding complementing an external corpus (Wikipedia for ARC, Wikipedia
and the MedQA textbooks for MedQA; labeled ‘Corpus’ in the figure).
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Figure 6.11: Effect on ARC (upper) and MedQA (lower) test hypothesis grounding
rate by adding microtheory approaches as additional grounding premises to an external
corpus.

[ have broken down the overall coverage rate (the fraction of hypotheses for which
it finds a proof) into two components: the fractions of found trees whose leaves are

grounded in the Mt (blue) and the fraction grounded to passages from the external
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corpus (orange).'” For ARC, there is a clear relationship between Microtheory size
and an increase in both the overall hypothesis coverage rate (blue+orange) and rate of
grounding to the Mt. At the extreme of using the entire fact pool F, the engine proves
8% more hypotheses and grounds them to the pool at a rate of 74.6%. This is a higher
overall grounding rate than using WorldTree, which purports to contain the core facts
necessary for all ARC questions (it does not contain all esoteric facts, e.g., “n ibex is a
mammal”). Using the “core” facts from WorldTree obtains the same coverage rates as
using the full knowledge store. The optimization methods show a clear trend at lower
Mt sizes (100,500); the partial coverage Mt shows higher grounding than usage then
question coverage, in that order. All outperform the random baseline.

For MedQA, the Mt grounding rate (blue) increases with Mt size, but the
relationship between overall grounding and size is less clear, though F still obtains
the highest overall rate. Notably, the rate decreases when adding all non-F theories
compared to only using the Corpus of Wikipedia and textbooks. This contradicts
a running assumption that “more information is always better”; something about
the added Mt information impacts the prover negatively. One possible reason for
this is that the Mts do not contain relevant or useful information for some subset of
the questions. The engine generates a fixed number of decompositions conditioned
on retrieved content; if I use multiple sources of knowledge (the Corpus AND a

microtheory), I concatenate the content retrieved separately from each source and feed

171f the prover finds multiple trees, I take the one with the highest fraction of microtheory-rooted
leaves.
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it to the decomposition-generating LLM prompt. Whether the Mts contain relevant
information for the test questions is further explored below in Section 6.5.

If the retrieved information from the Mt is not useful, this generation step might
generate valid and groundable decompositions at a lower rate, thus decreasing the
overall grounding rate. To partially illustrate this, I have included the rate of premature
search exhaustion (green) to the MedQA graph in Figure 6.11. This refers to cases
in which the prover fails to find a proof not because it hits the predefined expansion
budget (80), but runs out of search branches to consider because it has ruled all
proposed decompositions of the hypothesis to be invalid entailments. This rate often

increases when using an Mt versus only using the external corpus.

6.4.4.1 Effect of Mts on Proof Depth

One of my argued hypotheses for why Mts should benefit from the entailment
engine’s performance was that they amortize inference by saving useful statements
that, therefore, wouldn’t need to be re-proved at test time. This would be shown at test
time via the average depth of entailment trees produced by the engine with vs without
a Mt available. Figure 6.12 shows the average depth of the smallest proof tree found
by the engine for each test hypothesis in the ARC topic-specific test subset. Average
depths with or without Mts all lie between 1.8 and 2.1, without any clear relationship
between approach or size and resulting depth. I therefore don’t have evidence that

the hypothesis about amortizing deeper searches is true for this dataset and scenario.
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Figure 6.12: Effect on ARC hypothesis proof depth by adding various microtheory
approaches to Wikipedia.

6.4.4.2 Effect on Per-Fact Usage

I have described various ways to extract a bundle of the most core, reusable facts
for a given domain based on a set of training questions. One way to partially measure
how well we have achieved this is to track how frequently the average fact is reused on
test questions. Intuitively, one would want all facts in the Mt to be frequently reused
and for none of the facts to never be used. Figure 6.13 depicts the average number
of questions per fact in various Mts (upper) as well as the fraction of the Mt that is
never used for a single test question (lower).

We can see that there is a natural inverse relationship between Mt size and per-
fact usage rate, with 100-sized Mts having facts that are used on 2-3 questions on
average, but 1000-fact Mts are used for less than 1. The partial coverage microtheories
have slightly lower usage rates and slightly higher unused fact rates than the other

optimization methods. Below I show that the partial coverage Mts are better at
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entailing training hypotheses (Figure 6.10), suggesting that they have perhaps overfit to
the training questions and captured idiosyncractic facts that are less reuseable for new
questions. The full fact pool F and condensed fact pool C have very low mean usage
and very high amounts of used facts, while showing in experiments below to improve

hypothesis grounding and question answering more than the budgeted smaller Mts.

n=100 n=>500 n=1000 8722 12657 20561
35 3.36

Mean usage

0.43 0.33 .
0.11 0.06 0.06
I

Mtrandom  Mtusage  Mtqe  Mtpc Mbrandom Mbusage  Mtqe  Mtpe  Mtrandom Mtusage  Mtqe  Mtpc ¢ WorldTree F
n=100 n=>500 n=1000 8722 12657 20561
100 9187 | 9547 | 94.71
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Figure 6.13: (Upper) Rate of average per-question fact usage in each ARC microtheory.
(Lower) Fraction of each ARC microtheory not used for any proof.

6.4.5 Entailment Engine Question Answering

6.4.5.1 ARC QA Results

Figure 6.14 shows the results of running multiple-choice question answering on the
9 ARC topics using TREEWISE to prove each answer option and taking the highest
scoring tree as the predicted answer. Using only the Wikipedia index as the knowledge
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source (Corpus, leftmost bar) achieves 69.2% QA accuracy. Adding 100 or 500 facts

with any approach generally does not improve this and can decrease it using 100
random facts.

QA Performance by Theory and Budget
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Figure 6.14: Question Answering performance by TREEWISE engine on ARC subset
using Wikipedia plus various microtheories as knowledge sources.

When adding 1000-fact theories, all optimization methods add 4 points in QA
accuracy (73%). Adding the entire fact pool F further improves performance by 5
more points (78%). This exceeds the performance gains of using WorldTree, either the

whole corpus (WT,y) or just its core facts (WToe), which both add 8 points (77%).

These results suggest the following conclusions:

e Size correlates with QA accuracy, as it does with true hypothesis grounding as
shown in Section 6.4.4. Extracting core facts and dropping the less frequently
used ones decreases performance compared to using the full pool. For the subset
of ARC considered, one needs to retain at least 500 facts to see a noticeable

improvement in QA accuracy.

e The question-driven Mt extraction method can provide performance gains on
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par with a clean, hand-annotated corpus (WorldTree).

e When extracting core facts from F, the choice of optimization method doesn’t
have a noticeable effect on QA accuracy. Each method outperforms randomly

selecting a set of facts of the same budget size.

6.4.5.2 MedQA Results

QA results are more mixed for MedQA. The overall hypothesis grounding rate is
higher when using F for both domains (green + yellow + purple bars), but the QA
accuracy (green + yellow) is lower for MedQA because more proved incorrect options

outscore correct ones (purple).

ARC QA Outcomes MedQA QA Outcomes

1.0 1.0 ———— —
. E0.7 f] e e
2 B Correct
6 [ S - Zos o =
29 3 S S a— -0 [
-

=}
o

o
[

@ =

o
n

o o o o

=
C
F'S

ed
s, No Proofs At All)

Fraction of Questions

=
1%

=
R

VVVVVVV Nl - - B
ol M 2 N
. N o N ‘Wikipedia + Wikipedia +
Wikipedia Only W 1k1p]e:dla + Textbooks Only Textbooks +
F

=]
[

o €
o

Figure 6.15: Breakdown of QA runs by outcome (correct/incorrect answer proof
results). The rate at which decreases when

adding F, as does the overall rate of proving the correct answer . However, this
does not correspond to higher QA accuracy, as the rate at which both the
correct and at least one incorrect are proved is higher. The rate at which
the correct proof outscores all incorrect increases only for ARC but not MedQA;

the rate at which an _ is substantial higher for

MedQA, leading to lower overall QA accuracy when using F.
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These results show that an improved grounding rate is not a silver bullet for
improved QA performance, especially for challenging medical questions. USMLE
questions require integration of granular domain knowledge (more facts on average
than ARC, as shown in Table 6.2) with critical reasoning and medical heuristics that
are difficult to learn for adult medical students. The insertion of some relevant core
facts does not guarantee that they will be applied in the correct fashion in order to

answer hard questions.

6.5 Relevance to Test Questions

Intuitively, a microtheory should contain generalizable, useful statements that
help solve any question on a given topic. In this project, I have proposed a question-
driven approach to constructing a microtheory, which thus relies on the assumption
that the kernels of knowledge needed to answer a set of training questions should be
predominantly the same kernels needed to solve test questions. If answering a given
MedQA test question correctly relies on knowing about a particular drug, but none of
the training questions required knowing that drug, the Mt likely won’t have any facts
about it. Given the partial negative result depicted in Figure 6.11 in which adding Mts
decreased hypothesis grounding rates rather than increasing them, I explored whether

this can partly be explained by their failure to contain relevant facts for test questions.
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6.5.1 Relevance Rating Experimental Setup

I constructed an LLM-based metric that lower-bounds an Mt’s relevance to a given
question by checking whether it contains at least one fact that is directly relevant to
getting the question right, i.e., differentiating the correct answer from any incorrect
options. For each question, I used the TREEWISE support fact dense retrieval index to
obtain some top k=270 facts relevant to the correct answer. I then prompted GPT-4'®
to rate each retrieved fact on an ordinal relevance scale based on the annotation rubric
used by Jansen et al. (2021) to score the relevance of WorldTree facts using human
experts. The prompt used for scoring facts is shown in Figure 6.16. The original rubric
by Jansen et al. (2021) contains 4 ordinal scores; I added a 5th to differentiate between
facts relevant to ruling out incorrect options (4) vs supporting correct options (5). I
then measured the rate at which at least one 5-rated fact appeared in the retrieved
fact set, using that as a soft indicator that the Mt contains any useful information at
all that would be core to an argumentative basis for the correct hypothesis option.
This is almost certainly not counting whether the Mt contains enough knowledge to
fully explain correct answers, which more closely resembles the functionality of the
entailment engine.

Figure 6.17 shows the change in per-question relevance rate as I increase Mt size
and vary the selection methods. As expected from the grounding rate results above,

the ARC Mts contain 5/5-relevant facts at a much higher rate than MedQA. The

Bgpt-40-2024-08-06
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You are a scientific expert that helps other scientists determine whether various facts are relevant to explaining the correct answer to
a question. Scientists give you a question and a list of facts that they believe are relevant to the question. Your job is to
determine whether each fact is relevant to explaining the correct answer to the question using a provided rubric for scoring:

-

fact has a score of 5 if it has the following indicators:
core/critical fact/knowledge that explains why a correct answer is correct
* essential piece of information if explaining phenomenon in question to a toddler

fact has a score of 4 if it has the following indicators:
core/critical fact/knowledge that explains why an incorrect answer is incorrect

S

>

fact has a score of 3 if it has the following indicators:

moderately important fact necessary in a correct explanation but not being explicitly tested *underlying assumption necessary to
understanding the terms used in the correct response and explanation

defines terms used in the prompt and/or the correct answer

* semantic statements: correctly identify a term in the immediate question or correct answer

* common sense statement that is topically relevant but not necessary for differentiating correct from incorrect

A fact has a score of 2 if it has the following indicators:
* extra detail - explanations missing this fact are neither incorrect nor incomplete
* true relevant statement but not necessary for understanding phenomena in question

-

fact has a score of 1 if it has the following indicators:
irrelevant
* incorrect

You do NOT need to give a 5 for at least one fact. You should give a 5 only if the fact is absolutely necessary and core to correctly
answer the immediate question (i.e. if someone does not know the fact, they cannot answer the question correctly).

Here are some of the questions that you ask yourself when considering a fact:

Does this statement directly answer the original question? (yes = 5)

* Is the information absolutely necessary to correctly answer the immediate question? (yes = 5)

* Is the information absolutely necessary to explain why another answer is incorrect for the immediate question? (yes = 4)

* Is the information important to understanding the correct answer or any of the key terms being tested by the immediate question or
correct answer (e.g., definitions, etc.) but not the concept being tested itself? (yes = 3)

* Is the statement a semantic claim that correctly identifies a key term in the immediate question or correct answer in a way that is
relevant to the phenomenon being tested? (yes = 3)

* Is the statement relevant to a correct explanation of the correct answer but not required for a complete and correct explanation? (yes
=2)

* Does the statement add correct and relevant supporting details that give context or depth to an explanation but are not required to
make the explanation complete and correct? (yes = 2)

* Is the statement a semantic claim that correctly identifies a term that is related to the immediate question or correct answer but not
required to produce the correct answer or explain it? (yes = 2)

* Is the statement completely irrelevant to a correct and complete explanation of the correct answer? (yes = 1)

Is the statement incorrect? (yes = 1)

Figure 6.16: Prompt used to score the question relevance of retrieved microtheory
statements. Instructions are based on the rubric from Jansen et al. (2021).
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Figure 6.17: Rate (%) of microtheories containing at least one fact with 5/5 and
4/5 relevance as determined by GPT-40. The numbers above each bar represent the
percentage of 5s.
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best-performing optimization method, partial-coverage, obtains a 56% relevance rate
for ARC with only 50 facts and a 72.3% rate with 100. For MedQA, the best rates go
down to 20.4% and 28.5%. At 1000 facts, all Mts have around 90% relevance for ARC
but only 55-67% for MedQA. The fact pool F and condensed pool C are nearly 100%
relevant for ARC but only 85% for MedQA.'°

This provides a possible explanation for the ineffectiveness of the MedQA Mts: at
best, the largest 1000-fact-or-less Mts contain at least one relevant fact only 2/3 of
the time. If the entailment engine is provided with Mt facts during decompositional
search, they are likely not helpful in discerning correct answer hypotheses.

To illustrate this, I examined the difference in performance between the entailment
engine run using the 1000-Mtpc versus using only the Corpus on the MedQA questions.
The Mt contains a relevant fact for 126/186 test questions. For these questions, using
the Mt in addition to the corpus achieves a grounding rate 1% lower than not using it
(not statistically significant). However, for the 60 questions for which the Mt does not
contain a relevant fact, using the Mt drops the grounding rate by 20%. I examined
other microtheories of different sizes and approaches and found the consistent trend
that performance essentially stayed the same for the 126 relevant-fact questions but
dropped universally on the 60 no-relevant-fact questions (albeit by 10% at times rather
than 20). For the raw fact pool F, for which the overall grounding rate is 84.9%

versus 81.2% using the corpus alone, grounding increases by 8% on the relevant-fact

19That the rate drops by a point between C and its superset F is likely a result of retrieval issues,
i.e. failing to find a 5/5 fact in the top-270 facts in the larger and noisier F.
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questions but decreases by 5% on the no-relevant-fact. This suggests strong evidence
that the drop in grounding performance when adding the Mts correlates with a lack

of relevant information for the question.

6.6 Expert Relevance Annotations

In Section 6.5, I found that Mts created for MedQA questions were, on average,
less relevant than ARC Mts for test questions in the same topic clusters as the training
questions used to create the theories. In this section, we explore how useful human
domain experts find the facts in each theory. I recruited two late-stage medical
students from Thomas Jefferson University to annotate the general relevance facts
from different MedQA microtheories. I worked with the annotators to develop a 5-
point rubric for scoring how relevant a fact is to the core subjects that appear on the
USMLE. The rubric is shown in Figure 6.18 and Figure 6.19.

[ sampled 25 facts (fewer when necessary) from Mts with 70 budgets of size ranging
from 10 to 1000. I evaluated the Mtysge, Mtpc, and Mtyangom approaches. Both
annotators rated each fact independently and then reconciled the (rare) disagreements.
I computed agreement metrics across the full set of 3142° annotated facts, finding a
Krippendorff a0 of .81, Cohen’s k of .809, and raw agreement rate of .863.

Average relevance ratings per microtheory are shown in Figure 6.20. Both

20This number is not 7 x 3 x 25 because some Mts were smaller than 25 facts, the N-MtysageS are
all supersets of each other, and many other samples contained high overlap due to the extraction
algorithm behavior.
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# Indicators Exemplars

4 e 'Statement/fact that includes relevant associations but is NOT |’ In autosomal recessive inheritance, both parents
specific, comprehensive, or pathognomonic enough to provide | must be carriers of the mutated gene for a child to
a clear answer to a test question inherit the disease

e 2Statement/fact that provides neither core nor 2 Increased circulating estrogen can occur in men
comprehensive information and/or associations about a topic | with liver disease, such as alcoholic cirrhosis
domain that are relevant but not fundamental to its
understanding as a whole 3 Osteoporosis is a condition characterized by low

o Without knowing this statement/fact, it would be difficult to f;‘;’:;nmi’ginac’;ga‘::tsrl’;‘;’:g‘;;’aoifli‘t’ogzé"f;‘l’(eéf
correctly answer a question on this topic 9 gty

fractures.
e 3Definition that includes relevant associations, context, and/or
assumptions that are directly useful in answering a question
correctly
3 e 'Statement/fact that is accurate and provides context or  Symptoms of drug-induced fever include fever
information about a topic; does not provide information that and confusion

would directly result in getting a question right.
o  Without knowing this statement/fact, it would NOT be
difficult to correctly answer a question on this topic

2 A Physician Health Program is a program
designed to help physicians with substance abuse
or mental health issues

2Definition that lacks relevant associations, context, and/or
assumptions that are directly useful in answering a question
correctly
o May include examples or additional details that do not
directly facilitate a correct answer

*Relevant association: A significant connection or correlation between two or more related factors (e.g., diseases,
symptoms, or risk factors) that directly impacts the understanding, pathophysiology, diagnosis, treatment, and/or
prevention of a medical condition.

**Topic domains: A core subject, discipline, or system in medicine that encompasses many which many questions
are derived from (e.g. cardiac system, renal system)

Figure 6.18: Rubric used to collect expert relevance ratings for medical microtheory
facts (1 of 2)
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e Would a medical student be in trouble if they didn’t know this fact the morning of the
exam? ([Jes=15)

e Can you imagine up (or remember) a question for which this statement would directly
answer the question? ([JEs=15)

e Would a topic domain (e.g., “cardiovascular system”) be hard to understand if you didn’t
know this fact? ([Jesi=15)

e Could the information feasibly be important to understanding the correct answer or any
of the key terms being tested by questions or correct answers (e.g., definitions, etc.) but
not the concept being tested itself? (yes = 4)

e Does the statement add correct and relevant supporting details that give context or
depth to an explanation, facilitating understanding of the concept? (yes =4)

e |s the statement relevant to a correct explanation of a correct answer but generally not
required for a complete and correct explanation? (yes = 3)

e |s the statement a semantic claim that correctly identifies a term that might be related to
questions or correct answers but not required to produce the correct answer or explain
it? (yes = 3)

Is the statement partially incorrect or contains an element of untruth? (yes = 2)

Is the statement “common knowledge™? (yes = 2)

Does the statement have information that is too general or is only marginally related to a
given topic? (yes = 2)

e s the statement completely irrelevant to a correct and complete explanation of any
feasible correct answer? (yes = 1)

e Is the statement completely incorrect? (yes = 1)

Figure 6.19: Rubric used to collect expert relevance ratings for medical microtheory
facts (2 of 2)
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optimization approaches outperform a random sampling baseline by at least half a
point. The partial coverage approach is consistently .6-1 point higher. It also exhibits
a slight trend in which the average score decreases slightly as I increase the budget
but does not drop below a 4 out of 5 score. The annotation rubric defines a 4/5
score as a relevant but either unspecific and/or not fundamental fact with respect to
expected exam questions or a definition that is directly useful for answering questions
(definitions are typically not comprehensive enough to be a 5). In contrast, a randomly
selected fact from F scores lower than 3.5, indicating contextualizing information that
does not directly contribute to getting questions right. These findings suggest that
the Mt extraction methods are nontrivially effective at extracting the core, useful
knowledge from the larger fact pool, as determined by domain experts.

Medical Fact Annotation Scores by Microtheory Method and Budget

5.0
Microtheory Method
B Mtondom
B Mtygage

. Mg

Score

10 25 50 100 200 500 1000
Budget

Figure 6.20: Average relevance score for microtheory facts as annotated by a pair of
medical students.
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6.7 Related Work

This is the first work to my knowledge that attempts to reconcile (or, at least,
consider the potential benefits of) the 90s notion of symbolic microtheories with
modern large language model-based reasoning, though various works have considered
modern (pre-neural)implementations of microtheory-based reasoning schemes (Forbus,
2010). However, various other works have explored ways of extracting generalizable
abstractions from LLMs, and of using these abstractions to improve the performance
of reasoning systems on new problems.

The discipline of Inductive Logic Programming (ILP) (Muggleton, 1991) seeks to
automatically learn logic programs (i.e. first-order clausal theories of facts and rules)
from examples, and some have attempted to use ILP principles to learn symbolic rules
from natural language (Yang and Deng, 2021).

Various computational cognitive science works have similarly considered cognitively-
inspired models of concept learning and generalization, which frequently takes the form
of learning symbolic facts and rules from examples through various forms of Bayesian
inference (Goodman et al., 2014; Piantadosi et al., 2016). The symbolic formalism of
these models is often referred to as a "Language of Thought." The output of Bayesian
"library learning" approaches (Ellis et al., 2018; Ellis et al., 2021) is a set of symbolic
program components meant to efficiently solve new tasks in a given domain. In contrast
to these works, the microtheories I introduce in this chapter are meant to capture

generalizable facts from a large language model completely in natural language but
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ultimately serve a similar purpose: being able to ground new inferences via search-based
reasoning effectively and efficiently using a finite, discrete set of knowledge fragments.

The question-driven microtheory pipeline is related to other attempts to use LMs
to construct indices of silver-quality (i.e. model-annotated) task knowledge. The
Probably Asked Questions (PAQ) resource is another approach that starts from a
set of QA examples and uses an LM to generate a dataset that can be used to
improve the performance of QA systems on new questions (Lewis et al., 2021). In
their case, the LM is trained on QA data to generate the question from the answer
and is used to generate new questions that are likely to be asked about the lines in a
large text corpus like Wikipedia. The TeachMe system (Dalvi Mishra et al., 2022)
is another example of a question-driven methodology that saves an explicit memory
of knowledge statements, a version of "user feedback memories" also explored by
tandon-etal-2022-memory. CLIN (Majumder et al., 2023) is another example of
automatically learning abstractable statements about a task (in their case, a grounded

text world environment) based on the task’s training data.

6.8 Discussion

In this chapter I explored the automatic generation of entailment-supporting
microtheories, which are small, domain-specific knowledge buffers that can be used to

improve the performance of entailment engines on new domains. Entailment engines
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determine whether hypotheses are supported by some argumentative basis stored in an
external corpus of knowledge; the microtheories I introduced in this chapter are a means
to automatically augment a buffer of explicit knowledge that can be used to support
new entailment decisions. I introduced a series of question-driven mechanisms (§6.3)for
extracting generalizable pieces of domain knowledge from LLMs and identifying the
subsets of core knowledge most likely to be reused in a given domain defined by a
dataset of training questions and corresponding hypotheses (§6.3.3). These methods
leverage the entailment engine framework developed in previous chapters to search for
supporting bases for hypotheses in a corpus of knowledge, which are then used to distill
the n most useful and generalizable facts from that corpus to form a microtheory.

I showed through qualitative and quantitative experimentation (§6.4) that these
automatically extracted microtheories contain predominantly generalizable and useful
facts in multiple problem domains, and that providing them to an entailment engine
at test time can improve the engine’s performance on new questions in those domains—
both in terms of the ability to ground new hypotheses (§6.4.4), and (for certain
domains) the ability to answer multiple-choice questions correctly (§6.4.5). Expectedly,
I observed that larger microtheories are capable of grounding more hypotheses, but
that the various techniques I introduced for distilling the microtheories can help to
mitigate the noise introduced by the repetition and semantic equivalence of facts at
the cost of some coverage.

The results of this chapter suggest that the automatic generation of microtheories
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can be a useful tool for improving the performance of entailment engines on new
domains, though we also observed that the utility of the microtheories can vary
depending on the domain and the extent to which the knowledge relevant to a
set of training questions is likely to "cover" the knowledge required to answer new
questions in the same topic (§6.5). While a question-driven methodology for extracting
microtheories has shown to be very effective for e.g. grade-school science, it may not
be as effective for more complex domains such as medical question answering, where

the knowledge required to answer questions is more granular, diverse, and specialized.

6.8.1 Limitations and Future Work

This work considered two domains of knowledge-centric question answering: grade-
school science and medical question answering. In the former domain, we observed a
high degree of success at automatically constructing a microtheory to cover 9 frequent
high-level topics in the dataset. For a set of 4 topics in the latter domain, we observed
that the microtheory was less effective at improving the performance of the entailment
engine; analysis suggested that this was due to the more specialized and diverse
nature of the knowledge required to answer medical questions. While I provided some
exploration of this shortcoming in the medical domain, future work could explore
more deeply the reasons why the microtheory was less effective for medical QA,
and reconsider what types of knowledge might be more useful for improving the

performance of entailment engine. I observed these shortcomings for specific subsets of
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questions in two domains selected specifically for topical similarity; future work might
consider whether larger-scale training datasets—both in total quantity of questions
and in topics covered—might be able to provide more generalizable knowledge for a
wider range of questions in a domain.

Future work could also explore the effectiveness of microtheories in other domains,
such as history, law, or other scientific disciplines, to determine the extent to which
the question-driven methodology for extracting microtheories is generalizable across
different types of knowledge. However, the differing levels of success in the two domains
considered in this work suggest that there is a spectrum of domains for which the
microtheory knowledge structure, as I have conceptualized it in this work, may be
more or less effective. While ideally, the microtheory should be universally beneficial
for entailment engines in any new problem domain, the results on the medical domain
suggest that this may not be the case, and that the effectiveness of microtheories may
be contingent on the nature of the problem and the breadth and flavor of knowledge
required to answer the different questions that might be posed in that domain. Perhaps,
e.g., the medium of generic statement lists is not the most effective way to represent
the knowledge required to answer questions in the medical domain, and a different
medium or representation might be more appropriate for entailment engines.

This work envisions a scenario in which microtheories provide valuable benefits to
entailment engines by improving their grounding, efficiency, and accuracy. I observed

in my experiments that whether these explicit benefits are realized was unclear for
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the scenarios considered. Future work could explore more deeply the relationship
between the nature of the domain and the effectiveness of microtheories in improving
the performance of entailment engines, and could consider other ways in which
microtheories might be used to improve the performance of entailment engines in

different domains.
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7.1 Summary

I began this thesis by arguing that modern Al systems, particularly large language
models (LLMs), could benefit from a reintroduction of core concepts from symbolic
Al such as the systematicity, interpretability, and verifiability provided by systems for
automated theorem proving. I then set out my vision for a neuro-symbolic reasoning
framework that combines the best of both worlds: the flexible representation and
reasoning capabilities of LLMs with the systematic, verifiable reasoning of symbolic
search. Core to my approach was the notion of compositional entailment, whereby a
hypothesis is deductively supported via premise decompositions grounded in verifiable
corpora of natural language text. The entailment engine thus reasons with the skeleton
of a hypothesis grounding, backward chaining symbolic solver, but reasons over pure
natural language without parsing into brittle formalisms.

I presented a series of systems that embody this vision, the NELLIE (Chapter 3)
and TREEWISE (Chapter 5) entailment engines, which perform end-to-end question
answering by searching for grounded entailment trees. I showed that these systems can
achieve state-of-the-art performance on a version of question answering that requires
both answering a question correctly and providing a deductively valid tree showing
how the answer follows from knowledge in an external text source. I explored various
underlying knowledge sources, from the well-curated WorldTree corpus to large, noisy
text corpora like Wikipedia. I showed that, in general, these engine’s capabilities scale

with the “coverage” of the knowledge store, a similar phenomenon to classical symbolic
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reasoners, with the added benefit that my entailment engines can reason over large,
readily available corpora of pure NL text.

The neural entailment engine’s critical decision process is the generation and
verification of decompositional entailment steps that support a hypothesis. I
investigated mechanisms for improving the protocol for consistently annotating datasets
for this task and for improving the entailment engine’s generative and discriminative
components. I illustrated this protocol in a newly annotated challenge dataset, RDTE
(Recognizing Decompositional Textual Entailment), founded on a consistent and
theoretically grounded granular protocol for annotating entailment. We showed that
today’s LLMs struggle with the RDTE dataset. We also applied the methodology to
fill a gap in entailment tree literature by introducing a metric for measuring overall tree
quality. We also demonstrated the practical benefits of RDTE through a knowledge
distillation pipeline that improves decompositional reasoning (even outperforming the
‘teacher’” LLM), QA accuracy, and proof quality when employed within the reasoning
engine.

Finally, T explored methodologies for automatically curating knowledge buffers
deemed “microtheories” that capture generalizable core knowledge for a domain. I
showed that these microtheories capture highly reused facts that can be used to
improve the performance of entailment engines on new domains.

In summary, this thesis has introduced a neuro-symbolic reasoning framework based

on textual entailment and tree search. I have advocated for a version of reasoning—and
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consequently, of evaluation—that pursues the complementary goals of strong, precise
question answering and of providing transparent, verifiable reasoning traces that reflect
the behavior of the system. Building on a substantial foundation of work in NLP
on entailment, language generation, text retrieval, and question answering, I have
built a series of implementations of the framework that illustrate the feasibility of the
entailment tree-based approach that achieves strong performance at both goals using
current technologies—namely, neural language models, dense retrieval, and carefully
fine-tuned neural classifiers. I have also introduced a methodology for improving
the quality of the reasoning traces produced by these systems and for automatically

curating knowledge buffers that can improve their performance on new domains.
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7.2 Lessons

[A]n AT system is a complex join of many mechanisms, some new, most
familiar. Of necessity, on the edge of the art, systems are messy and
inelegant joins-that’s the nature of frontiers. It is difficult to extract from
these data points the scientific increments that should be added to the
cumulation. Thus, Al is case-study science with a vengeance. But if that
were not enough of a problem, the payoff structure of AI permits the
extraction to be put off, even to be avoided permanently. If a system
performs well and breaks new ground-which can often be verified by global
output measures and direct qualitative assessment—then it has justified
its construction. Global conclusions, packaged as the discursive views of
its designers, are often the only increments to be added to the cumulated
scientific base.

(Newell, 1984)

Newell, developer of the Logic Theorist, observed that the development of Al
systems in the logic programming tradition reflected a long process of gradual
refinement and adjustment of a complex system with many moving parts. It is
challenging to compile progress on such a system into a series of neat, straightforward
theoretical breakthroughs that lead to the system’s overall performance. Newell’s
observation in 1984 matches my experience in the 30 months developing the NELLIE
and TREEWISE systems described in the previous chapters: progress on highly modular
systems centered on the goal of textual entailment-based hypothesis proving, while
grounded in various linguistic theories of Al, linguistics, and logic programming, was a
marathon rather than a sprint. Scientific findings that in other settings might take the
form of “using approach X instead of Y yields better performance for module Z” for me

always required the added qualifier “in the context of the current broader system W at
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the current time of investigation T.” Changes, e.g., to the retrieval components of the
system, might have a beneficial effect on the end QA performance one week but might
be rendered ineffectual the next once I fiddled with the rule generation components.
It is, therefore, difficult to put into words (to the detriment of my endeavors with
peer review) the breakthroughs that led to the systems, which I continue to refine and
improve today. I attempted to lay out in sections such as Section 3.5 and Section 5.4.8
the kinds of design choices that consistently yielded empirical improvements to the
system’s QA performance, though these sections provide only a partial picture of a
substantially murkier investigation. Moreover, my observations should be taken in
the context of the specific moment(s) in Al research I pursued these projects and the
context of building a system designed for complex compositional entailment.
However, I can still draw some general lessons from the development of these

systems, which I will now outline.

7.2.1 It is easy to find local maxima

A major lesson learned in this process is that building a neuro-symbolic search
engine is itself a search guided by the heuristics of the NLP researcher(s) seeking to
put current techniques to practice in a fully functional reasoning system that reflects a
broader vision. The search space is vast, and the space of possible improvements to the
system is even vaster, from fiddling with various search parameters at various levels of

significance (how many candidates to generate? how many to keep? how many facts
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to retrieve? what prompt to use? which/how many models to use for filtering? which
to use for scoring? etc.). It was very easy to find a local maximum in this space, only
to switch to a different configuration days later that render the “research question”
of a given experiment moot. A lesson one must learn when developing this kind of
system is to recognize when such fiddling is no longer productive and to move on to a

different aspect of the framework that might yield more substantial improvements.

7.2.2 The precision-recall tradeoff is a constant factor

The entailment engine can be considered a binary classifier: either a hypothesis is
groundable to a corpus, or it is not. This obscures the fact that an entailment search
comprises many thousands of sub-decisions, each of which can be considered a binary
entailment decision in its own right. As no entailment model is perfectly precise, one
finds quickly that if you try enough decompositions, you will fool the model into
accepting a hypothesis that is not actually entailed by the corpus. However, if you try
too few decompositions or too few facts, you risk missing a valid decomposition that
would have led to a correct proof.! This is a classic precision-recall tradeoff, and it was a
frequent struggle to find the right balance between the two. The configuration described
in Section 5.4.8 was a compromise between the two for the purpose of QA, allowing

for imprecise results to supersede precise ones only when the latter were not found.

'Reducing the budget, in fact, can improve the system’s precision to the point of improving QA
accuracy at one point. This occurred in one instance of adding NELLIE’s template-guided generation,
which slowed down the system compared to not using it and thus accidentally improved precision.
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7.2.3 Entailment i1s contextual

My work in Chapter 4 on eliciting consistent human preferences for compositional
entailment (Weir et al., 2024b) informs the intuitions that (A) deductive validity is
domain-specific and non-monolithic and (B) for an explanation such as an entailment
tree meant to support an agent’s decision, its quality aligns with the extent to
which it would conwvince a human audience of its conclusion to a sufficient degree
of confidence (Holloway et al., 2021). However, there are many possible degrees of
confidence at which to set this threshold, and there is no one set of entailment rules
that is universally valid across all domains. By choosing to use entailment as the
underlying principle for logical deduction (as opposed to strict logical deduction), we
accept that the validity of a conclusion is not absolute but rather depends on the
context in which it is presented. We moreover found discrepancies in what constitutes
validity even between the two domains we considered in RDTE (ARC and HotpotQA),
necessitating changes to our annotation rubrics to account for these differences. This
suggests that practitioners must carefully consider the context in which their entailment

engine will be used and adjust systems for discerning validity accordingly.

7.2.4 Generation as a subroutine is inefficient

In the evaluations of NELLIE in Chapter 3, I set the timeout for the engine to be

180 seconds per question option, i.e., up to 12 minutes per question. This is impractical
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for a real-world system, and it is clear that the generation component of the system
is a bottleneck. The TREEWISE engine is even slower on account of the numerous
new and revised modules that use LM prompting as opposed to classifiers. Out of
necessity (LLM prompting yielded more precise and flexible reasoning over harder
decompositions), a backward-chaining neural model-based entailment engine is slow
and deliberate. This is a major drawback of the system, though future developments
in LLM generation and revisions of the search logic to be more frugal or pragmatic

about which search nodes to explore could alleviate this issue.
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7.3 Discussion and Future Work

This thesis has explored the role of entailment engines in modern Al systems based
on the intuitions that parts of the classical symbolic reasoning-as-proof-search paradigm
are useful to reintroduce into modern neural-based systems. I have developed one
embodiment of this vision in the form of the entailment engine, a system that reasons
over natural language text by searching for grounded entailment trees. However, I
hesitate to argue that all Al systems should use entailment engines for reasoning tasks.
Rather, I see entailment engines as a tool for achieving certain behavioral properties
in Al that are not easily achieved with other currently popular methods, albeit at the

cost of speed and efficiency.

7.3.1 The Role of Entailment Engines Moving

Forward

Historically, many symbolic Al researchers treated interpretability and verifiability
as first-class citizens in their systems; MYCIN, considered the first expert system, was
crafted carefully with transparency and verifiability in mind (Buchanan and Shortliffe,
1984). As GOFALI systems evolved, the properties of interpretability, verifiability, and
groundedness were a nice side effect of the paradigm that dominated the field at the time
in the absence of more inferentially powerful and/or easy-to-implement methods. Yet,

as the field of Al has progressed, these properties have been largely abandoned in favor
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of more efficient, opaque, and data-driven methods that practitioners have found to be
empirically more effective and easier to implement (training an LLM on a large gob of
text is arguably less burdensome than carefully curating a granular knowledge base of
facts and rules). Had the NLP not abandoned the design requirements of groundedness
and verifiability, we likely would not have seen the rise of LLMs and the subsequent
explosion of increasingly powerful models that have shocked seasoned researchers with
their capabilities and have come to dominate both academic and industrial research
today. Yet, as explainability and systematicity are no longer a side-effect of the
dominant reasoning paradigm, they have become a "bonus" part of reasoning that
many can get away with disregarding. Whether to pour resources and research time into
developing systems that are more interpretable, verifiable, and grounded is a calculation
that researchers must make based on the requirements of their problem domain and the
tradeoffs they are willing to make. I hope that the work in this thesis can provide a proof
of concept for explainable systematic reasoning that can inform this decision calculus.

Reintroducing these constraints into modern Al systems without sacrificing the
speed and efficiency of just calling an LLM is a difficult task— for the various QA
tasks I explored in this thesis, entailment engines are slow and require many calls
to the LLM and ultimately rarely exceed the end-task (i.e. QA) performance of a
simple, ungrounded LLM-querying baseline. However, there are certain tasks for
which the properties of interpretability, verifiability, and groundedness are worth the

cost of speed and efficiency. As it stands, the future role that neural entailment
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engines might play in Al systems depends on either the specific requirements of a
given problem or hereto unexplored improvements to the entailment engine framework
that make it more efficient and scalable than it currently is. Below, I will discuss both
of these considerations: when one might consider using an entailment engine and what
improvements might be made to the entailment engine framework to make it more

viable for a wider range of tasks.

7.3.1.1 When Should I Use an Entailment Engine?

Researchers should consider using an entailment engine when their problem at

hand has some combination of the following (non-exhaustive) list of properties:

1. The problem requires and/or benefits from combining discrete knowledge from a

large store of discrete knowledge or evidence

2. The problem is conducive to offline inference, planning, or long inference-time

computations (more on this below)

3. The problem requires a high degree of interpretability to an end user, e.g., a
legal or medical professional, a scientist, or a layperson who is interested in

understanding the reasoning behind a decision

4. The problem requires and/or benefits from a high degree of directed verifiability

and groundedness
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5. There exists (or there can be constructed) a corpus of knowledge that is assumed

to be correct, complete, and nontrivially relevant to solving the problem

6. The problem can be posed as a series of decompositional entailments, i.e., the
researcher can envision an ideal reasoning solution to a typical problem instance

as a series of entailment steps that support a hypothesis

7. What denotes valid decompositional entailments can be clearly codified and

annotated by humans

8. The problem can be posed as hypothesis proving (or comparing multiple
conflicting hypotheses) without jumping through many unnatural hoops to
achieve such a recast (e.g., many embodied RL agent tasks are not conducive to

this kind of conversion).

In general, the entailment engine framework is not a general-purpose reasoning
engine that replaces a chatbot on your phone. Often, the typical user of Siri,
Alexa, or Google Assistant wants a quick, accurate answer to a question and is
unwilling to sacrifice wait times for the sake of receiving a more verifiable, grounded,
and interpretable answer. Similarly, many currently envisioned applications of "Al

Assistants,"

e.g., any used in real time to assist a human in making an immediate
decision in the medical or legal fields, require that the system be efficient at inference

time to be practically useful.

There are many tasks, however, for which the properties of interpretability and
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groundedness are worth the cost of speed and efficiency either because of the importance
of avoiding errors or because inference-time speed is not a primary concern and

deliberative reasoning is permissible. Some examples of such tasks are described below:

7.3.1.2 Entailment Engines as Verification Modules

One potential use of entailment engines is as a post-hot verification module
for state-of-the-art, otherwise ungrounded question-answering systems. Fast LLM-
querying methods are more performative than entailment engines at test time, but
they are also more prone to hallucinations and errors (Ji et al., 2022) that might be
detected using a system that inherently considers whether the answer follows as a
direct logical consequence of retrieved information. I envision a system in which a
fast LLM-querying system generates a response to a question, and then an entailment
engine flags responses that are not supported by the knowledge in the entailment
engine’s knowledge store. This flagging could occur either during inference time (with
the consequent slowdown, though perhaps only for answers for which the LLM is

uncertain) or offline during the LLM’s post-training phase.

7.3.1.3 Growing and Revising Theories

My work in this thesis has primarily considered static resources. Building on
this paradigm, one might consider methods to dynamically construct theories for

new problem domains, particularly those for which an existing one is not already
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pre-curated. In proposing symbolic theorem proving, by separating the theory from
the reasoner, McCarthy envisioned a system whose “behaviour will be improvable
merely by making statements to it” (McCarthy, 1959): if knowledge about a problem
changes or a new kind of problem arises, we can adapt our reasoner by adding new
statements to its theory. Accordingly, we can apply a robust, systematic entailment
search algorithm such as NELLIE or TREEWISE to a more complex problem if we can
automatically develop and verify a theory containing the requisite knowledge. The
microtheories project described in Chapter 6 is one example of work in this direction,
though the microtheories are evaluated statically and are not updated as new data
arrives or as the system performs reasoning tasks (i.e., QA) and receives external
feedback. The microtheories project also considered only domains for which there
was a priori expected to be a shared body of knowledge in the form of memorizable
generic facts that would collectively help in knowledge-intensive tasks that require
rote memorization. Many other domains do not have this property, e.g., in grounded
task domains, knowledge must be learned from experience. How an entailment engine

might learn and revise its theories in such a domain is an open question.

7.3.1.4 Al for Scientific Exploration

This thesis primarily explored methods for proving/disproving hypotheses for which
the answer is already known by humanity and the scientific community; what changes

are necessary to the artificial reasoning paradigm when considering a new hypothesis
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about the world that nobody has ever thought of before? A natural starting point is
to consider the ways by which human scientists formulate and then robustly test their
new hypotheses about the world: synthesizing new ideas from existing literature using
principled inductive reasoning, then carefully designing experiments to test the ideas

in a controlled setting.

7.3.2 Short-term Improvements to Entailment

Engines

What must be done to make entailment engines more viable for practical use in a
wider range of tasks? The primary answer is speed: the current entailment engines
are slow and require many calls to the LLM, each of which can take multiple seconds,
especially those that require careful, verbose prompts with many input and output
tokens (e.g., Figure 4.7). This is a problem for many practical applications of entailment
engines, particularly those that require real-time or near-real-time responses. Future
work should consider more sophisticated methods that use LLM calls more efficiently,
use smaller models, and/or reduce the total number while maintaining the same level of
systematicity and precision. This might involve improvements to the search algorithm,
e.g., using a more sophisticated candidate selection or branch pruning/consolidation
strategy, or improvements to the generative components of the entailment engine.

Some of this may come just with new generations of LLMs; I observed during the
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development of my entailment engines that as technologies changed and LMs evolved,
later generations were more effective at generating decompositions (i.e., a higher
fraction of generated candidates would be considered “good”). Another straightforward
improvement would be increasing the parallelism of LLM calls (though TREEWISE
already makes heavy use of APIs like OpenAl, which call multiple copies of a given
LLM in parallel, a luxury that is not available in all cases).

Another avenue for improvement might be through the retrieval component; the
entailment engines in this thesis rely on a relatively simple implementation of IR
using a dense retrieval encoder. While this was sufficient for the tasks explored in
this thesis, future work might consider more sophisticated methods for candidate
set selection. These methods might make better use of the time budget by filtering
out irrelevant or ungroundable subqueries more quickly. I observed for medical QA
that the retrieval component benefited from query augmentation strategies in which
the LLM generated “thoughts” or justifications for the query that were then used
to retrieve documents relevant to secondary entities or concepts necessary to fully
support the query— for instance, names of drugs or diseases that were not mentioned
in the query but were implicitly necessary to answer the question correctly. Progress
in the direction of more sophisticated retrieval strategies might be hampered for many
tasks for which there exists no evaluation sets; e.g., when I applied the entailment
engine to EntailmentBankQA using Wikipedia as the underlying knowledge store, I

had no way of knowing whether Wikipedia actually contained the facts necessary to
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answer the questions in the dataset, since the dataset and the corpus were created
separately. I thus had no way of knowing, beyond manual examination, whether the
engine was failing because of a lack of coverage in the knowledge store or because of a
failure in the retrieval or decomposition generation components. Future work might
consider methods for automatically evaluating the quality of the retrieval component
even when the underlying knowledge store and the task dataset are not constructed in
tandem. Until then, the only signal for success is the engine’s end-task performance,
as is the case for many modules in the entailment engine framework. This was the case
for the decompositional entailment recognition component until we constructed the
RDTE benchmark, which allowed us to evaluate the precision of the entailment filters
and furthered the development of the engine framework; this can serve as an archetype
for improving different modules via carefully constructed benchmarks. Other areas
for which targeted module evaluation could be useful are decomposition generation
(gauging how frequently the generator produces correct decompositions) and forward-
chaining inference generator (gauging how frequently the generator produces “useful”

inferences from retrieved documents under some usefulness metric).

7.3.2.1 Reconciling Knowledge Conflicts

The entailment engines in this thesis are designed to reason over a single, consistent
knowledge store, with the implicit assumption that the knowledge is correct and

without conflict, reflecting a single, coherent view of the world. This is, naturally, an
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idealization and not reflective of the real world. When reasoning over e.g., the internet,
we must consider the possibility of conflicting information due to factors like temporal
drift, differing perspectives, or outright misinformation. In a recent example, Google
rolled out a generative Al model for answering user queries to their search engine;
users quickly found that the model was generating false and harmful information not
because the model was faulty, but because it was interfacing with documents on the
web that contained false information (Titcomb, 2024). Various works in NLP have
begun exploring how to reconcile current techniques in the presence of conflicting
information (Xu et al., 2024); how this would be done in the context of entailment
engines is open for exploration. Progress on this front would start with identifying a
suitable (and realistic) problem domain in which (A) there are substantial knowledge
conflicts that might impede reasoning and (B) composing knowledge from multiple

sources is frequently necessary to solve the problem.
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