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Abstract

Large language models (LLMs) show strong reasoning across many tasks, yet their reliability
can vary when assumptions change, inputs shift distribution, or familiar knowledge must be
recomposed in novel ways. This thesis argues that a key organizing principle for improving
such generalization is conceptualization: the ability to abstract concrete events and entities into
reusable concepts, and to instantiate those concepts in new situations. We develop a unified
paradigm in which conceptualization structures how commonsense knowledge is represented,
acquired, scaled, modified, and evaluated beyond surface competence.

We first systematize concept-centric methods for LLMs and formalize a conceptualization–
instantiation cycle over commonsense knowledge bases (CSKBs) as a lens spanning genera-
tion, question answering, and knowledge manipulation. Building on this lens, we introduce
approaches that construct and exploit concept-structured event and entity knowledge to improve
generative commonsense inference and zero-shot commonsense question answering, showing
that concept-level structure can strengthen reasoning without relying solely on model scale. To
address limited CSKB coverage, we propose a scalable distillation framework that extracts large
volumes of concept-structured knowledge from strong LLMs and uses critic-style filtering to
retain plausible, useful knowledge, expanding coverage while preserving quality.

Beyond acquisition, we study controlled knowledge modification via a concept-level editing
framework that couples automated plausibility verification with concept-aware rewriting, im-
proving both factuality and downstream utility. Finally, we introduce metaphysical reasoning
as a concept-driven stress test: reasoning about improbable or counterfactual changes to con-
ceptualized events. We provide a benchmark that decomposes this challenge into discriminating
event, inference, and transition validity under controlled distribution shifts, revealing persistent
gaps between apparent competence and deeper conceptual understanding. Together, these con-
tributions advance frameworks, resources, and evaluations that push LLMs toward more robust,
generalizable reasoning grounded in concept-level structure.
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CHAPTER 1

INTRODUCTION

This thesis studies how to make language models reason more reliably about everyday situ-
ations. Modern Large Language Models (LLMs) can generate fluent explanations and achieve
strong performance on many benchmarks, including a wide range of commonsense evaluations.
Yet, in deployed and open-ended settings, reliability can still be fragile when inputs shift distri-
bution [1], when background assumptions change, or when knowledge must be recomposed in a
new context. In this thesis, we study these reliability challenges through the lens of commonsense
reasoning, the ability to draw plausible inferences about actions, intentions, consequences, and
constraints in the world [2]. Commonsense reasoning is not chosen here because it is uniformly
hard for today’s models, but because it is a precise stress test for three requirements that mat-
ter in practice: (i) reusing knowledge across many surface forms, (ii) preserving validity under
contextual constraints, and (iii) behaving consistently across closely related situations [3].

A running example: recomposition under context. To ground the discussion, consider a
kitchen assistant asked to help with a short plan: “I have leftover soup. How should I reheat it
safely?” In isolation, the model may correctly answer many sub-questions: “Microwaves heat
liquids,” “some containers deform under heat,” and “avoid spills.” The difficulty emerges when
these pieces must be combined under small contextual changes. For instance, the plan “pour
the soup into a container and microwave it” may be fine when the container is ceramic, but
becomes unsafe if the container is described as thin plastic. A second minimal change can flip
plausibility again: the same user might add, “I am in a hotel room with no microwave,” where a
previously reasonable step becomes infeasible. A third change can shift the relevant constraints:
“My younger sibling is nearby, so prioritize safety over speed,” which affects whether the assis-
tant should recommend moving hot liquid across a room, using boiling water, or leaving items
unattended. These are not failures of recalling isolated facts. They are failures of generalization
under context, where the model must preserve what should remain invariant (the reusable regu-
larity) while adapting what must change (the context-specific realization and constraints) [4].

A central claim of this thesis is that a key missing organizing principle behind robust com-
monsense reasoning is conceptualization: the ability to lift concrete instances into reusable con-
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cepts, and to ground concepts back into concrete, context-appropriate instances. We develop
conceptualization as a unifying lens that connects how commonsense knowledge is represented
and acquired, how robustness should be evaluated, how models can be maintained and corrected
over time, and how models can reason when situations change.

The introduction is organized into two parts. The first part provides background and moti-
vations: what commonsense knowledge is, why it matters for NLP systems and LLM-era appli-
cations, and why conceptualization is a natural interface between knowledge and generalization.
The second part describes key gaps and challenges that motivate the technical chapters of this
thesis, and summarizes how each contribution addresses one of these gaps.

1.1 Commonsense Knowledge and Commonsense Reasoning

1.1.1 What is Commonsense Knowledge?

Commonsense knowledge refers to information about everyday entities, events, and their typi-
cal properties and relations that humans routinely rely on, often without explicitly stating it [5].
It includes entity-centric facts (typical properties, affordances, and uses of objects), as well as
event-centric inferential knowledge (what tends to cause what, what people likely intend, what
consequences follow, and what actions enable or prevent outcomes). This thesis focuses pri-
marily on event-level commonsense: knowledge about actions and situations and the plausible
inferences they support [6].

To make this concrete, consider the event “someone pours a hot liquid into a container.”
Commonsense inferences include: (i) likely preconditions (a container is available; the liquid is
already heated), (ii) likely effects (the container becomes hot; spills are possible), (iii) plausible
constraints (some materials deform under heat; some settings prioritize safety over speed), and
(iv) alternatives (letting it cool first; transferring with a ladle; using a heat-safe mug). Event-
level commonsense is therefore relational and conditional: plausibility depends on who acts,
what is acted upon, and under which constraints.

Event-level commonsense is particularly important for two reasons [7]. First, it captures
structured regularities about human behavior and the physical and social world, such as pre-
requisites, side effects, goals, and constraints. Second, it aligns naturally with how LLMs are
trained and used today, since many downstream applications require reasoning about sequences
of actions and their consequences, rather than retrieving isolated properties of objects. Accord-
ingly, the central objects studied in this thesis are event descriptions and the inferential relations
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that connect them.

1.1.2 Why Commonsense Matters for Modern NLP Systems

Commonsense knowledge is a prerequisite for language understanding in realistic settings [8].
In interactive systems, users rarely provide complete information; instead, they expect systems
to fill gaps with plausible assumptions. In question answering and dialogue, commonsense sup-
ports interpreting intent, resolving ambiguity, and producing responses that align with social
norms and physical constraints.

In agentic settings, commonsense becomes even more central. Tool-using assistants, web
agents, and long-horizon planners must anticipate consequences, avoid implausible actions, and
adapt when the environment changes [9, 10]. A representative failure pattern is brittle recom-
position: the system knows many relevant pieces in isolation, but does not reliably integrate
them into a coherent, context-valid decision. For example, a model may correctly state “check
whether a store is open” and “avoid non-refundable purchases if uncertain,” yet still propose a
plan that commits to a fixed booking before verifying the schedule under a changed constraint
(such as a holiday closure or a last-minute transit disruption). As LLMs are increasingly de-
ployed as persistent assistants, commonsense is no longer only a benchmark target; it becomes
a safety- and reliability-critical component of model behavior.

1.1.3 Commonsense Knowledge Bases as a Computational Substrate

A common approach to computational commonsense is to canonicalize world knowledge into
machine-usable resources. Commonsense Knowledge Bases (CSKBs) represent commonsense
knowledge in structured or semi-structured forms, often as tuples or text-based assertions with
relation labels [11]. Entity-centric CSKBs focus on properties and associations of objects, while
event-centric CSKBs focus on causal, intentional, and effect-related inferences. Event-level
CSKBs are especially compatible with LLM-era pipelines: nodes can be expressed in natural
language, relations can be verbalized, and the resulting knowledge supports inference patterns
that resemble how models are prompted and evaluated.

At the same time, CSKBs expose a core tension that motivates this thesis. On one hand,
they provide an explicit substrate for representing and transferring commonsense. On the other
hand, their coverage is necessarily incomplete, their assertions are context-dependent, and their
instance-level representations can make generalization brittle [12].

A simple toy example illustrates the brittleness. A CSKB might contain an assertion like
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“put ice cream in a freezer → ice cream stays cold.” The statement is useful at the instance
level, but it does not specify which substitutions preserve validity (for example, medicine, soup,
or electronics behave differently), nor which contextual constraints matter (short-term cooling
versus long-term storage, sealed containers versus open bowls, a working freezer versus a power
outage). In modern applications, these unmodeled conditions are often exactly where systems
fail: the assistant produces a step that sounds reasonable but violates a constraint that becomes
apparent only after grounding the situation.

1.2 From Commonsense Knowledge to Generalizable Struc-
ture

The limitations above indicate a missing intermediate representation for commonsense reason-
ing. Most CSKB-style resources, and many LLM prompting pipelines, treat events as instance-
level descriptions: a node corresponds to a particular phrasing of an action or state, and knowl-
edge is attached to that phrasing. This makes coverage inefficient, since semantically similar
situations must be stored and retrieved separately. It also makes robustness fragile, since valid-
ity often depends on relational structure (who does what to whom, under what constraint), while
surface forms vary widely across contexts.

This suggests a natural requirement for reliable commonsense reasoning: models need a
way to represent reusable regularities that transfer across paraphrases and substitutions, while
preserving the contextual conditions under which an inference remains valid. In other words,
we need a representation that can compress families of situations without discarding the struc-
ture that inference depends on. Conceptualization provides such an interface. It separates what
should generalize, the underlying concept-level regularity, from what must remain specific, the
concrete contextual realization that determines whether an inference is appropriate.

Despite its intuitive appeal, conceptualization has been comparatively underdeveloped in
practical commonsense pipelines for three reasons. First, abstractions are context-sensitive: an
abstraction that is linguistically plausible may be inferentially invalid in a particular setting.
Second, supervision is scarce: datasets rarely annotate which abstractions are appropriate and
which are not. Third, evaluation is subtle: the quality of conceptualization should be measured
by its downstream inferential utility and robustness, not only by surface similarity or ontological
neatness. This thesis addresses these challenges by making conceptualization operational as a
learned, contextualized process that can support robust inference, scalable acquisition, mainte-
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nance, and reasoning under change.

1.3 Conceptualization as the Interface for Generalizable Com-
monsense

1.3.1 The Lift-and-Ground Loop

At a high level, conceptualization is the process of lifting a concrete instance into one or more
abstract concepts. Instantiation is the complementary process of grounding a concept back into a
concrete, context-appropriate instance. Together they form a lift-and-ground loop: lift instances
into abstractions to expose reusable regularities, then ground abstractions into new contexts to
produce plausible instance-level knowledge and inferences.

Returning to the kitchen example, from “Dana pours hot soup into a ceramic bowl” a lift step
can abstract the event into something like “an agent transfers a hot liquid into a container.” This
abstraction is reusable across paraphrases and substitutions. A ground step can then instantiate
it into a new context, such as “transfer hot coffee into a heat-safe mug” or “pour hot broth into
a metal pot.” Crucially, not every grounding is valid: grounding into thin plastic under high
heat may break plausibility, and grounding into an open cup while walking across a crowded
room may violate a safety constraint. The lift-and-ground loop therefore provides a concrete
way to express the thesis-level goal: generalize by sharing concept structure, but remain faithful
by grounding under context.

This loop is appealing as an organizing principle because it connects several needs that are
otherwise treated separately. First, it provides a mechanism for generalization, since concept-
level structure can be shared across many surface forms. Second, it offers a path for scalability,
since families of situations can be represented compactly. Third, it supports robustness, since
reasoning can operate on stable regularities rather than accidental correlations in specific phras-
ings. Fourth, it provides a handle for maintenance, since updating knowledge at the concept
level can propagate systematically to many related instances.

1.3.2 Why Conceptualization is Hard in Practice

Although conceptualization is simple to state, it is not a purely syntactic rewriting step. The va-
lidity of an abstraction depends on context. For event-level commonsense, this context includes
the roles and relations within an event (who does what to whom, and under what constraints),
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as well as the intended downstream use (which inference relations the abstraction is expected to
support).

A compact example shows the difficulty. The abstraction “heat food to make it safe to eat”
is often reasonable, but whether it supports a particular inference depends on details such as the
type of food, the available tools, and the constraint being optimized. If the goal is safety, then
reheating may be recommended. If the goal is preserving texture, then a different method may
be preferable. If no heating tool exists, then the same abstract intent must be grounded into an
alternative plan. Thus, conceptualization must satisfy two requirements that are often in ten-
sion. It must be general, capturing reusable regularities across many instances. It must also be
contextualized, preserving the conditions under which a particular inference remains plausible.
This thesis treats the tension between reusability and contextual validity as a central technical
theme, and develops learning frameworks that make conceptualization and instantiation opera-
tional under limited supervision, while evaluating them by their effect on downstream reasoning
robustness.

1.4 Gaps and Challenges in the LLM Era
The motivation for this thesis comes from several gaps that remain even as language models
scale. We organize these challenges around a progression from acquiring commonsense, to
applying it robustly, to maintaining it over time, and finally to reasoning when the situation itself
changes.

1.4.1 Coverage, Cost, and Bias in Commonsense Acquisition

Commonsense knowledge is vast, long-tailed, and often left implicit in raw text. High-quality
human annotation is expensive and slow, and it inevitably covers only a small portion of the
space. Information extraction can scale, but it is shaped by reporting bias: what people choose
to mention is not proportional to what is typical or likely in the world [13]. LLM-generated
knowledge can be cheap and broad, but it can reflect selection biases, inherit blind spots, and
produce plausible-sounding yet incorrect assertions without careful quality control.

A more detailed example illustrates why event-level commonsense is especially exposed to
these issues. Consider the inference “if someone reheats soup, the container may get hot.” This
is obvious to humans, but often absent from text because it is rarely worth stating. By con-
trast, text is more likely to mention unusual failures, such as spills or accidents. As a result, an
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extraction pipeline may over-represent atypical outcomes and under-represent routine prerequi-
sites and constraints. A second failure mode comes from underspecified context. Text might
say “microwave the soup” without stating that the bowl must be microwave-safe, or that metal
containers are inappropriate, or that the lid should be vented. When such implicit prerequisites
are missing, downstream systems may generate plans that are locally coherent but globally un-
safe. This thesis addresses the gap by proposing a scalable distillation perspective: use strong
LLMs as teachers to propose conceptualized and instantiated knowledge, then apply principled
filtering and learning to retain plausibility while expanding coverage.

1.4.2 Knowing is Not Reasoning

Coverage alone is not enough. Even when a model appears to “know” relevant commonsense, it
may still fail to apply it correctly in a concrete reasoning context. This failure is often triggered
by distribution shift: changing a surface form, swapping entities for atypical ones, or placing
an event in a different context can cause the model to rely on spurious associations rather than
the intended inference pattern. In other words, commonsense reasoning is not only a knowledge
storage problem; it is also a generalization and robustness problem [14, 15].

A concrete example is recomposition under a minimal change. Suppose a model can answer:
“Is it safe to microwave soup in a ceramic bowl?” and “Is thin plastic safe under high heat?”
Yet when asked for a plan, it may still produce: “pour soup into the available container and mi-
crowave for two minutes” even after the user specifies “the only container is thin plastic.” This
is a failure to integrate a constraint into the plan, not a failure to state the constraint in isolation.
A second example involves paraphrase robustness. A model might correctly reject “heat soup
in a plastic takeout box” but accept “warm it in the to-go container” if it overfits to surface
tokens rather than structure. A third example involves goal shift. If the user changes the ob-
jective from speed to safety-first, the assistant should adapt its recommendations (for instance,
recommending lower heat, smaller transfers, or additional checks), yet models often produce
inconsistent behavior across such closely related prompts. Conceptualization provides a mech-
anism to address this gap: lift instance-level situations into concept-level structure to encourage
stable regularities, then ground those regularities back into context-specific instances to recover
the specificity needed for concrete inference. This thesis builds and evaluates this idea in settings
where small contextual changes should not produce large behavioral inconsistencies.
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1.4.3 Maintenance and Updates for Long-Lived Models

Robustness failures become more consequential in deployment, where models are long-lived
and must be corrected repeatedly. As LLMs become larger and more widely deployed, a new
requirement becomes central: models must be maintainable. They should be correctable when
they produce implausible or unsafe commonsense, and updatable when their knowledge becomes
stale or incomplete.

Knowledge Editing (KE) provides computationally efficient tools for modifying model be-
havior without retraining from scratch [16–18]. Yet, commonsense editing is harder than edit-
ing isolated facts because commonsense is context-sensitive, the same regularity can manifest
in many surface forms, and edits can have cascading effects across related knowledge.

A detailed example highlights the challenge. Suppose a deployed assistant repeatedly sug-
gests microwaving food in an inappropriate container type, and an engineer wants to correct this
behavior. A single edit targeted at one phrasing, such as “do not microwave thin plastic con-
tainers”, may not generalize to paraphrases (“to-go box”, “disposable container”) or to nearby
situations that share the same constraint (“high heat” in an oven or air fryer, or “container de-
forms”). Worse, repeated patches can interact. One edit might encourage safe containers for
microwaves, while another edit about preventing spills might inadvertently encourage sealing
lids tightly, which can conflict with the safety requirement to vent heated liquids. Iterative up-
dates therefore risk knowledge drift, where successive edits subtly conflict with or overwrite
one another. This thesis addresses these challenges by integrating conceptualization and instan-
tiation into the editing loop, so that edits are semantically enriched and can generalize across
contexts rather than remaining brittle single-surface patches.

1.4.4 Reasoning Under Distributional Change

Even with effective updates, real environments remain non-stationary. Conditions change, ac-
tions trigger new constraints, and agents must recombine existing knowledge to anticipate con-
sequences. Standard commonsense benchmarks often evaluate one-step inference under a fixed
snapshot of conditions, leaving reasoning under distributional change under-specified and under-
measured [19].

A concrete example shows why non-stationarity is qualitatively different from ordinary ro-
bustness. Consider an assistant planning the reheating task under one condition: “there is a
microwave.” Now introduce a change: “the microwave is broken.” The assistant must judge
feasibility (is reheating still possible), consequence plausibility (does the alternative method
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preserve the goal and constraints), and transition planning (what additional change would re-
store plausibility, such as obtaining a pot, using a stove, or switching to a no-heat option). Some
changes are feasible but shift trade-offs, while others make the original goal unattainable. Criti-
cally, infeasible changes can still look linguistically ordinary. For example, “heat soup without
any heat source” is syntactically similar to a normal instruction but violates a physical con-
straint. Models often struggle to discriminate such cases, especially when they rely on pattern
completion rather than structured feasibility reasoning.

This thesis introduces a benchmarked formulation of such reasoning. We frame reasoning
under distributional change as a multi-step discriminative process: models must judge whether
a change is feasible, whether the resulting inference is plausible, and what additional change
could restore plausibility if the inference becomes implausible. We refer to this capability as
metaphysical reasoning, emphasizing that the model must distinguish realistic transitions from
those that only exist in highly abstract or improbable variations. Conceptualization remains
central here: abstract changes provide a compact way to represent a large space of shifts, and
concept structure provides scaffolding for reasoning across them.

1.5 Thesis Scope and Approach
This thesis develops a coherent progression from representation, to robust inference, to scal-
able acquisition, to maintenance, and finally to reasoning under change. Across chapters, the
lift-and-ground loop acts as the connective tissue: we study how to learn contextualized concep-
tualization and instantiation, how to use them to improve downstream robustness, how to acquire
them at scale with limited supervision, how to integrate them into knowledge editing pipelines,
and how to evaluate reasoning when the world itself changes.

1.5.1 Thesis Organization

This thesis is organized as follows. Chapter 2 reviews the related literature from three per-
spectives: commonsense reasoning tasks and benchmarks, commonsense knowledge acquisi-
tion, and methods for acquiring entity- and event-level conceptualizations (including extraction-
, retrieval-, and generation-based paradigms). Chapter 4 introduces CAT, which formulates
event-level conceptualization and instantiation as a paired abstraction and grounding process,
and studies how such concept-structured representations can be learned and used to support
more generalizable commonsense inference. Chapter 5 presents CAR, which connects concep-
tualization to downstream commonsense reasoning by showing how concept-level structure can
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improve robustness and reduce false negatives under distribution shift in realistic QA settings.
Chapter 6 develops CANDLE, a scalable distillation framework that leverages large language
models to acquire conceptualizations and abstract inferential knowledge at scale, and integrates
quality control to retain plausibility while expanding coverage. Chapter 7 proposes CONKE, a
conceptualization-guided knowledge editing framework that combines automated verification,
semantic enrichment via conceptualization and instantiation, and targeted editing to update com-
monsense knowledge in language models with improved generalization. Chapter 8 introduces
MARS and the task of metaphysical reasoning, reframing reasoning under distributional change
as a multi-step discriminative process and providing a large-scale benchmark to evaluate how
models assess feasibility, consequences, and transitions under situational non-stationarity. Fi-
nally, Chapter 9 concludes the thesis by summarizing key findings, reflecting on the strengths
and limitations of conceptualization as a central organizing principle, and outlining promising
directions for future research.
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CHAPTER 2

BACKGROUND AND RELATED WORK

This thesis studies how large language models can acquire, organize, and reliably apply com-
monsense knowledge beyond surface pattern matching. The core thread is conceptualization:
abstracting concrete events and entities into reusable concepts, and grounding those concepts
back into context to support inference. The main chapters develop this thread progressively—
from introducing event-level conceptualization and its use in reasoning (CAT, CAR), to scal-
ing conceptualization acquisition through distillation and quality control (CANDLE), and later
to updating and stress-testing knowledge under non-stationarity (e.g., conceptualization-guided
editing and metaphysical reasoning). This background chapter situates these contributions within
the broader landscape, highlighting the problems they are designed to answer and the method-
ological choices they build upon.

A recurring gap in prior work is the mismatch between what we evaluate and what we need.
Benchmarks such as commonsense QA have become the dominant lens for progress, yet they
often conflate knowledge availability with reasoning and may reward shallow correlations. In
response, the community has developed two complementary lines: richer task formulations and
more scalable pipelines for acquiring commonsense resources. These two lines are tightly cou-
pled: task designs implicitly define what “commonsense” looks like, while knowledge acquisi-
tion methods determine what information models can bring to those tasks. Understanding this
coupling is essential for motivating why our later chapters emphasize concept-level structure,
semantic coverage, and quality-controlled scaling.

At the same time, the emergence of increasingly large LLMs reshapes the practical con-
straints of commonsense reasoning research. Earlier paradigms were frequently validated on
relatively small pre-trained language models, where performance gains could be attributed to
carefully engineered supervision, structured KB injection, or task-specific fine-tuning. In the
LLM era, however, models already contain broad but uneven commonsense; the central chal-
lenge shifts toward reliability, generalization, and controllability: how to extract and distill
usable knowledge at scale, how to represent it in forms that transfer across contexts, and how
to maintain coherence when knowledge must be updated or recomposed. This motivates the
thesis-wide emphasis on conceptualization as a unifying representation that connects evalua-
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tion, acquisition, and later editing and distribution-shift reasoning.
With this framing, we organize related work along two axes. First, we review common-

sense reasoning tasks and benchmarks, emphasizing how evaluation protocols shape what mod-
els learn and how progress is measured. Second, we review commonsense knowledge acqui-
sition, focusing on scalable mechanisms—from generative inference resources to LLM-based
distillation—that supply the raw material for reasoning. We then narrow to conceptualization
acquisition methods specifically, categorizing extraction, retrieval, and generative approaches,
which together form the methodological foundation that the main chapters extend and integrate.

2.1 Commonsense Reasoning
Commonsense reasoning aims to equip NLP systems with the ability to make plausible infer-
ences about everyday situations, a long-standing goal that remains challenging in practice [20].
A key theme in the literature is that progress is shaped by two tightly coupled aspects: how
we evaluate commonsense reasoning through tasks and benchmarks, and how we acquire com-
monsense knowledge that models can use. Below we reorganize related work along these two
axes.

2.1.1 Commonsense Reasoning Tasks

A variety of benchmarks have been proposed to test commonsense reasoning under different
task formulations and sources of supervision [21–24]. Among them, commonsense question
answering has become a standard evaluation setting because it directly measures whether models
can select plausible answers under implicit world knowledge.

Zero-shot commonsense QA in particular emphasizes generalization, as models must solve
unseen QA instances without using labeled supervision from the corresponding annotated train-
ing data. Existing approaches largely follow two paradigms. One paradigm keeps model pa-
rameters fixed and uses pretrained language models with prompting or inference-time reasoning
procedures. Representative mechanisms include direct prompting and language modeling for-
mulations [25, 26], self-talk style decomposition [27], cloze-based transformations [28], and
dynamically constructed reasoning graphs combined with graph reasoning [29]. These meth-
ods are often instantiated with strong pretrained backbones or auxiliary generators such as AL-
BERT [30], COMET [31], and GPT-3 [32], yielding unsupervised QA pipelines that improve
answer selection through structured inference [27–29, 33].
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A second paradigm introduces explicit supervision via external commonsense knowledge
bases (CSKBs), typically by converting knowledge triples into synthetic QA instances for fine-
tuning [34–36]. A common construction maps the head entity and relation into a question, uses
the tail as the correct answer, and samples alternative tails as distractors. This recipe has been ex-
tended to support cross-domain adaptation by incorporating CSKBs from different sources [37,
38], and to exploit multi-hop structure with graph-based modeling and learning objectives [39].
By training against plausible and implausible candidates, these methods encourage models to
better separate valid commonsense from confounders in QA contexts.

2.1.2 Commonsense Knowledge Acquisition

In parallel with task design, a substantial body of work focuses on acquiring commonsense
knowledge in forms that are easy to integrate into reasoning systems. A representative direc-
tion learns to generate if-then style inferences, where COMET is trained to produce structured
commonsense knowledge that can be used by downstream models [21, 31]. While generation
provides broad coverage, approaches that rely mainly on distributional regularities can be brittle
when applied to situations that depart from the patterns observed during training, motivating
further work on supervision and distillation.

Recent progress in large language models has led to renewed interest in knowledge distil-
lation as a scalable route to acquire commonsense resources [40, 41]. Symbolic knowledge
distillation uses human-designed prompts to elicit targeted knowledge from LLMs, then trains
student models on the resulting outputs [42–45]. Other work studies transferring distilled signals
across components, for example distilling from a ranker into a retriever to improve robustness of
subsequent generation [46]. There is also a dialogue-oriented thread that distills conversational
responses and rationales from LLMs to enhance dialogue agents with commonsense grounded
behaviors [47, 48].

2.2 Conceptualization Acquisition Methods
Next, we review related methods for performing or collecting entity and event-level conceptual-
izations. We categorize them into three paradigms: extraction, retrieval, and generative-based
methods, which are briefly demonstrated in Figure 2.1.
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Pet, Animal, Cat, 
Companion, Feline, Breed

Figure 2.1: Conceptual demonstration of different types of methods in performing or collecting
entity and event level conceptualizations. Instance and conceptualization pairs can be obtained

at the end of each type of method.

2.2.1 Extraction-Based Methods

Extracting concepts from text is the earliest paradigm for systematically collecting conceptual-
izations [49, 50]. It typically involves first extracting all possible concepts from the text, followed
with identifying the relationships between these concepts. In this process, concepts are recog-
nized either by looking for the most frequent words or by matching against a predefined list
of patterns, such as “is a,”, “is a type of”, etc. Instances are then matched by looking for the
subject of these patterns in the text, which forms instance-conceptualization pairs. The main ad-
vantages of extraction-based methods [51–56] are easy implementation, high processing speed,
and free of training data. This has facilitated the development of many large-scale concept tax-
onomies and knowledge bases, such as WordNet [57], ConceptNet [58–61], Probase [62, 63],
and DBpedia [64, 65]. However, these methods, while successful in extracting conceptual rela-
tionships from text, are limited by text quality, reliance on predefined concepts, lack of semantic
understanding, difficulty handling ambiguous words, and poor generalization to new domains
or unseen concepts.

2.2.2 Retrieval-Based Methods

Semantic-Based Retrieval

Semantic-based retrieval methods aim to obtain conceptualizations by looking at the semantic
similarity between the input instance and the concepts in a pre-defined concept taxonomy. It
typically involves representing both the instance and a set of concepts into a shared semantic
space and calculating the similarity between them. One representative approach is to use Word-
Net [57], a large lexical database of English words, to calculate semantic similarity between two
words as their shortest path in the WordNet hierarchy [66]. Other methods [67–73] also share
similar aspirations and define their own way of calculating such similarities. However, these
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methods are usually limited by the need for comprehensive and accurate knowledge bases, high
computational costs, the inability to handle unseen concepts, and the loss of important semantic
context, prompting the development of neural-based retrieval methods.

Neural-Based Retrieval

Neural-based retrieval methods overcome previous limitations by leveraging neural networks (or
language models) to learn the semantic representations of the input instance and the concepts in
the knowledge base or concept taxonomy. Then, the similarity between the input instance and
the concepts can be calculated based on the learned representation embeddings. This approach
can be benefitted by the advancement in language modeling, such as BERT [74], RoBERTa [75],
and DeBERTa [76, 77]. The most representative work in neural-based concept retrieval is Ab-
stractATOMIC [78]. It uses GlossBERT [79] to encode concepts (from WordNet and Probase)
and instances (extracted from events in ATOMIC [80]) into embeddings and leverage cosine
similarity and human annotations to collect conceptualizations in a large scale manner. Other
methods [81–87] similarly adopt different strategies in leveraging LMs as encoders, expand-
ing the coverage of instances,training retrieval models. Despite their promising results, these
methods are limited by their need for extensive labeled data, reliance on the completeness and
accuracy of the knowledge base, and inability to retrieve new concepts that are out of training
data.

2.2.3 Generative-Based Methods

Fine-Tuning-Based Generative Methods

Fine-tuning-based generative methods aim to take an entity or event as input and generate the
concept directly via a fine-tuned generative language model. This approach allows the model to
generate conceptualizations for new instances and offers maximum flexibility of the input. Sev-
eral methods [78, 81, 85, 88–90] have adopted this paradigm in training generative conceptual-
izers, based on models such as GPT2 [91], BART [92], and T5 [93], for automated conceptual-
ization acquisition. These methods typically train LMs on human-annotated or pre-existing con-
ceptualization resources and yield outstanding results. However, fine-tuning-based generative
methods are limited by their high computational cost, time-consuming and resource-intensive
data collection, uncertain performance across diverse domains, and relatively low quality of
novel concepts compared to human annotations [94]. While these are common limitations asso-
ciated with fine-tuned generative models, zero-shot generative methods using powerful LLMs
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and advanced prompting techniques potentially address these issues.

Zero-Shot Generative Methods

Finally, zero-shot generative-based methods leverage powerful LLMs [32, 40, 41, 95–97] to
generate the concept directly from an input instance. They rely on the vast amount of internal
knowledge within the model and human-crafted prompts to efficiently distill conceptualizations
and abstract knowledge from the models. This is particularly useful when training data is scarce
or when the domain is new and there are no existing training data available. Existing meth-
ods [81, 98–100] all share similar aspirations in collecting conceptualizations. The benefits are
significant, as these methods can collect conceptualizations efficiently and at low cost without
specific fine-tuning. The resulting conceptualization knowledge base are thus scalable and down-
stream models trained on them typically have improved generalization ability to new instances
and domains. However, to ensure high-quality generated conceptualizations, it is recommended
to implement quality control mechanisms such as human evaluation or discriminators as post-
filters. Recent studies [98, 101] have shown that commonsense plausibility estimators [102] are
effective for such quality control.
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CHAPTER 3

CONCEPTUALIZATION AS A UNIFYING LENS FOR
GENERALIZABLE REASONING

“Concepts are the glue that holds our mental world together.”– [103]

Chapters 1–2 motivated the problem of generalizable reasoning in language models and
surveyed the surrounding literature. This chapter begins the thesis’s conceptualization-focused
development by establishing a unified vocabulary for abstraction and transfer. Before introducing
new models or algorithms, the objective here is to make the object of study precise: what it means
to lift from instances to concepts, how those concepts should be grounded back into context, and
which forms of conceptualization are genuinely comparable versus easily conflated.

Concretely, this chapter formalizes conceptualization and instantiation as a “lift-and-ground”
loop and shows how the same loop can be realized at multiple semantic levels. It then introduces
a four-level view—entity, event, document, and system—to organize both prior work and the
technical developments that follow. Finally, it delineates the scope of the thesis by centering
entity- and event-level conceptualization as the main interface between language and reason-
ing. These definitions provide connective tissue for the remaining chapters: they shape what is
learned, what is evaluated, and where generalization is expected to arise.

3.1 What is Conceptualization and Instantiation
Conceptualization is widely regarded as a central component of human intelligence, with deep
roots in psychology [104–106] and close connections to computational linguistics and machine
learning [107–109]. In the era of deep learning, conceptualization has also become a recurring
theme in work that aims to improve the generalization of (Large) Language Models (LLMs; [40,
41, 95–97, 110]) across settings such as commonsense reasoning [85, 98, 111], causal reason-
ing [112, 113], and physical reasoning [114–116].

At a high level, the motivation is straightforward: when the surface form of a situation
changes, models should still be able to recognize what kind of thing it is (an entity category,
an event pattern, a document intent, or a task type) and reuse the relevant knowledge accord-
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Figure 3.1: Examples of conceptualization at different semantic levels.

ingly. This chapter introduces conceptualization as a unifying lens for thinking about that ability
and fixes terminology that will be used throughout the thesis.

3.1.1 Conceptualization

In this thesis, conceptualization refers to the process of lifting an instance into one or more
abstract concepts that support reusable knowledge. Throughout, a concept is an abstract repre-
sentation that indexes a set of instances and serves as an anchor for invariances that hold beyond
any single example.
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Definition (Conceptualization). Let 𝒳 denote a space of instances (e.g., entities or events)
and 𝒞 denote a space of concepts. A conceptualization operator is a mapping

𝜙 ∶ 𝒳 → 2𝒞,
which assigns to an instance 𝑥 ∈ 𝒳 a (possibly singleton) set of concepts 𝜙(𝑥). Each 𝑐 ∈ 𝜙(𝑥) is
intended to cover 𝑥 and to summarize properties shared by a broader cluster of instances. Equiv-
alently, each concept 𝑐 can be associated with an extension Ext(𝑐) ⊆ 𝒳, and conceptualization
selects concepts such that 𝑥 ∈ Ext(𝑐).
3.1.2 Instantiation

Conceptualization is most useful when it enables transfer: knowledge represented at the con-
cept level must be brought back down to concrete situations. In this thesis, instantiation refers
to this complementary grounding step, producing instance-level realizations or instance-level
predictions from concepts, conditioned on a context.

Definition (Instantiation). Let 𝒦 denote a space of contexts (e.g., partial descriptions, con-
straints, or downstream task inputs). An instantiation operator is a mapping

𝜓 ∶ 𝒞 × 𝒦 → 𝒳,
which takes a concept 𝑐 ∈ 𝒞 and a context 𝜅 ∈ 𝒦 and returns an instance 𝑥̂ = 𝜓(𝑐, 𝜅) that is
consistent with 𝑐 under 𝜅. More generally, instantiation may output an instance-level claim or
prediction grounded in 𝑐 (e.g., properties, likely consequences, or plausible next steps), which
can then be consumed by a reasoning procedure.

Together, conceptualization and instantiation form a “lift-and-ground” loop: instances are
lifted into concepts to obtain stable abstractions, and those abstractions are then grounded back
into new contexts to support generalization [108]. This loop can be realized at multiple semantic
levels, as illustrated in Figure 3.1. The next section introduces a four-level view that will serve
as an organizing vocabulary for the rest of the thesis.
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3.2 Four Levels of Conceptualization
Conceptualization can be categorized according to the type of instances being abstracted. In this
thesis, four semantic levels are distinguished—entity, event, document, and system—each with
different inputs, outputs, and evaluation concerns (Figure 3.1). The purpose of these definitions
is not to exhaust the space of abstractions, but to provide a practical vocabulary that avoids
collapsing fundamentally different operations under the same label.

3.2.1 Entity-Level Conceptualization

Entity-level conceptualization groups multiple entities under a shared concept [88, 117]. It is
among the most common forms of conceptual organization in human cognition and is frequently
used for knowledge acquisition [103, 118]. For example, entities such as “apple,” “pear,” and
“grape” can be linked to the concept “fruit.” Once such links are established, knowledge can be
represented at the concept level (e.g., “fruit is delicious”) while remaining grounded in instance-
level evidence (e.g., “apple is delicious”). When encountering a novel entity that can be catego-
rized as a fruit, the concept provides a shortcut for transferring expectations (e.g., likely taste,
nutrition, or typical usage) to the new instance.

3.2.2 Event-Level Conceptualization

Event-level conceptualization extends the same idea from entities to events [78, 81, 98]. Here, a
concept represents a higher-level pattern over actions, intentions, states, and outcomes, with the
aim of preserving the original semantics as much as possible while enabling reuse across surface
variations. For instance, “Sam playing with his dog,” “Alex dancing in the club,” and “Bob doing
yoga” can be conceptualized as “relaxing events.” This supports concept-level regularities such
as: “If someone engages in relaxing events, they feel happy and relaxed.” When a new event is
observed (e.g., “Charlie paints the sunset”), event-level conceptualization enables recognizing
it as a likely relaxing event and transferring the corresponding inferences to that new situation.

3.2.3 Document-Level Conceptualization

Document-level conceptualization broadens the scope from entities and events to spans of text
such as paragraphs or full documents. It aims to construct a higher-level representation that
captures the main ideas and essential information of the original text while preserving overall
meaning and context. This objective closely overlaps with abstractive summarization [119, 120],

20



and it has been systematically reviewed in prior surveys [121–123]. Document-level conceptual-
ization is included here to complete the semantic picture and to clarify terminology, but it is not
treated as a primary focus in later chapters to avoid duplicating well-established lines of work.

3.2.4 System-Level Conceptualization

System-level conceptualization abstracts not a single text instance but a complex system—its
behavior, functionality, or task space—into a higher-level representation. The idea is related to
how complex systems are simplified for understanding and design [124], but it remains compara-
tively under-studied in NLP. A representative direction is to conceptualize NLP tasks themselves
by grouping them according to objectives and characteristics while abstracting away low-level
input/output formats and dataset-specific details [125]. Because the space of established meth-
ods and evaluations at this level is currently limited, system-level conceptualization is treated as
contextual background rather than a central technical theme of this thesis.

3.2.5 Scope of This Thesis: Why Entity and Event Levels

Although conceptualization can be discussed at multiple semantic levels, this thesis primarily
adopts entity- and event-level conceptualization as its main lens. These two levels sit at a par-
ticularly useful interface between language and reasoning: they are abstract enough to support
transfer, yet concrete enough to remain tightly grounded in instance-level inference.

First, entities and events are the basic units from which much of everyday reasoning is com-
posed. Entity concepts support category-based generalization and knowledge reuse [103, 118],
while event concepts organize regularities over actions, intentions, and consequences that are
central to commonsense, causal, and physical reasoning [78, 81, 98].

Second, entity and event levels naturally instantiate the lift-and-ground loop introduced in
Section 3.1.1–3.1.2. They make it possible to study when and how concept-level abstractions
remain stable under distribution shift, and how grounding those abstractions can enable reliable
inference in novel situations [108].

Finally, the other two levels play different roles in this thesis. Document-level abstraction
substantially overlaps with summarization and has been extensively surveyed elsewhere [121–
123]. System-level conceptualization is promising but remains comparatively under-explored in
NLP, with limited methodology and evaluation conventions [125]. For these reasons, they serve
primarily as background context, while entity and event levels provide the main viewpoint for
the technical developments in later chapters.
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CHAPTER 4

SEMI-SUPERVISED LEARNING FOR EVENT
CONCEPTUALIZATION AND INSTANTIATION

Chapter 3 introduced conceptualization and instantiation as a “lift-and-ground” loop: lifting
concrete instances into reusable concepts, and grounding those concepts back into new contexts
to support generalization. This chapter takes the first step from that conceptual lens to a concrete
methodological question: how can we learn such a loop automatically and at scale, especially in
domains where the space of possible abstractions is combinatorial and high-quality supervision
is scarce.

Our focus is knowledge-level event conceptualization and instantiation in commonsense knowl-
edge bases (CSKBs). Here, the goal is not merely to rewrite an event into a more abstract phrase,
but to acquire abstract commonsense knowledge—regularities that hold across many surface
realizations—and to use those regularities to deduce new, concrete commonsense facts in novel
situations. This problem sits at the core of the thesis theme of generalization: instance-level
knowledge alone is brittle under distribution shift, whereas concept-level knowledge offers a
mechanism for reuse, but only if it remains grounded enough to support reliable inference.

This setting also exposes a practical obstacle that will recur throughout the thesis: concep-
tualization cannot be treated as a purely decontextualized rewriting step. In CSKBs, an abstrac-
tion that looks plausible in isolation may become invalid when placed back into a relational
context (e.g., when paired with a particular relation and consequence), meaning that the correct-
ness of abstraction is inseparable from how it will be used. At the same time, fully annotating
context-sensitive conceptualizations and their downstream implications is infeasible at scale,
which makes the learning problem fundamentally weakly supervised.

To address these challenges, we develop a semi-supervised framework that couples event
conceptualization with instantiation in a single learning pipeline, using the two directions to
regularize and bootstrap each other from abundant unlabeled data. Concretely, we introduce
CAT (Contextualized ConceptuAlization and InsTantiation), which unifies event conceptual-
ization and triple-level verification into a cycle that (i) filters context-incompatible abstractions,
(ii) leverages instantiation to provide additional grounding signals, and (iii) scales via teacher–
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student pseudo-labeling with a bootstrapping mechanism over alternative concepts and instances.
In doing so, this chapter operationalizes the lift-and-ground loop from Chapter 3 in a realistic
knowledge acquisition setting and demonstrates how learned abstract commonsense knowledge
can translate into improvements in downstream commonsense reasoning.

The rest of the chapter formalizes the tasks and datasets, analyzes why existing conceptual-
ization-only pipelines break under contextual constraints, and then presents CAT in detail (its
training procedure, components, and ablations) before evaluating both the quality of the acquired
abstractions and their utility for commonsense inference modeling.

4.1 Preliminaries
Commonsense reasoning is a crucial ability for machines to make situational presumptions and
draw inferences from the knowledge that reflects our humans’ understanding of situations and
common facts [126, 127]. It has gained increasing popularity in the Natural Language Processing
(NLP) community with the emergence of CommonSense Knowledge Bases (CSKB) [58, 128,
129] and large language models [31, 36, 130–132]. However, when encountering situations be-
yond the data given, more abstract background knowledge must be acquired and generalized to
assist the reasoning [108], and language models trained with an autoregressive language mod-
eling objective do not explicitly leverage such abstract knowledge during inference.

Instead, humans rely on conceptual induction and deduction [103] to make inferences on
novel situations without the need to memorize all special cases. As shown in Figure 4.1, humans
can derive conceptualizations based on the assertion that “PersonX watches a football game, as a
result, he feels relaxed” to infer that “relaxing events can make someone feel relaxed,” where the
acquired abstract commonsense knowledge can be further used as general knowledge to perform
reasoning on similar or associated situations. A new commonsense knowledge “PersonX plays
with his dog, as a result, he feels happy and relaxed” can be deduced by instantiating relaxing
events to playing with his dog. That is to say, when humans encounter an unknown situation,
we first perform conceptual induction to derive plausible conceptualizations [78, 133] of sim-
ilar situations and retrieve their associated abstract commonsense knowledge [108], which is
indirectly induced and summarized from known commonsense knowledge. Plausible abstract
commonsense knowledge within the context is then instantiated [134, 135] to deduce concrete
commonsense knowledge concerning the situation and aid commonsense reasoning. As the cor-
nerstone of generalizable commonsense reasoning, such a process is extremely challenging for
machines to replicate due to the absence of contextualized conceptualizations and abstract com-
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Figure 4.1: A demonstration of commonsense reasoning on an unknown situation, PersonX
plays with his dog, with the aid of abstract commonsense knowledge. Decontextualized concep-
tualization, such as observe, may yield wrong abstract commonsense knowledge that cannot be

instantiated within the corresponding context.

monsense knowledge in CSKBs and a lack of relevant methodologies.

4.1.1 Limitations of Conceptualization and Instantiation Pipeline

Yet, existing works address the process of induction and deduction separately via conceptual-
ization and instantiation. Several methods performing conceptualization are proposed with a
specific focus on entity-level [68, 69, 88, 136–138] and event-level [78, 139] semantics. Instan-
tiation [135], as the process that simulates conceptual deduction, is tackled separately and not
leveraged by these methods. Though abstract commonsense knowledge can be derived by us-
ing existing conceptualization methods to abstract a certain instance from factual commonsense
knowledge, several limitations still exist.

First, the plausibility of abstract commonsense knowledge banks on both the correctness of
conceptualization and proper contextualization under specific assertions. The latter one, which
is an essential step for the deduction of abstract knowledge, is missing from current methodolo-
gies. Take Figure 4.1 as an example, the concept observe will not necessarily lead to the result
of “feeling relaxed”, as observe omits the entertaining property of the original instance as a cost
of abstraction. Second, instantiating abstract commonsense knowledge can yield much more
and diverse concrete commonsense knowledge that can serve as an augmentation of the training
dataset, while current methods undervalue such a process and only focus on conceptualization.
Finally, the complex contextualization and conceptualization of commonsense knowledge and
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complicated hierarchy of conceptualizations and instantiations can easily bring more than two
orders of magnitude of data on top of the original dataset. This makes current labeled data scarce
and infeasible for practitioners to annotate all of them, leaving a large amount of unlabeled data.

To fill in these research gaps, in this chapter, we propose CAT (Contextualized ConceptuA-
lization and InsTantiation), a semi-supervised learning framework that unites event conceptual-
ization and instantiation in cascade to conceptualize CSKBs and acquire abstract commonsense
knowledge to aid commonsense reasoning. Inspired by how humans learn with concepts [140],
we design a novel bootstrapping1 method to enhance conceptualizations and abstract common-
sense knowledge verification with the help of similar conceptualizations and instantiations as
a reference. A mixture of pseudo-labeled and annotated conceptualizations are used to train a
neural event conceptualization generator as an automatic acquisition. We demonstrate the effec-
tiveness of CAT by using the acquired abstract commonsense knowledge to train COMET [31],
a commonsense inference language model that generates if-then commonsense knowledge, and
showing that our derived abstract commonsense knowledge can significantly improve common-
sense inference modeling.

This chapter makes three contributions: (1) It formulates a semi-supervised learning frame-
work (CAT) that couples event conceptualization and contextual triple verification through an
instantiation-enabled cycle. (2) It shows that CAT can acquire higher-quality abstract common-
sense knowledge at scale, suitable for training downstream commonsense inference models. (3)
It demonstrates empirical gains on CSKB conceptualization benchmarks and improved common-
sense inference modeling when the acquired abstract knowledge is used as additional training
signal.

4.1.2 Task Definitions

Conceptualizing an event-centric CSKB to derive abstract commonsense knowledge comprises
two steps [78]: event conceptualization and triple conceptualization.

Denote the triples in the original CSKB as 𝐷𝑜 = {(ℎ𝑜, 𝑟, 𝑡)|ℎ𝑜 ∈ 𝐻𝑜, 𝑟 ∈ 𝑅, 𝑡 ∈ 𝑇 }, where𝐻𝑜, 𝑅, and 𝑇 are the set of heads, relations, and tails in the original CSKB. The first step only
operates on head events without considering the context in 𝑟 and 𝑡. The goal of event conceptu-
alization is to produce conceptualized head event ℎ𝑎 from the original head ℎ𝑜 to represent an
abstraction of ℎ𝑜. In the second step, the task is to verify whether the conceptualized head ℎ𝑎
still makes sense in the context of 𝑟 and 𝑡, as 𝑟 and 𝑡 will further restrict the level of abstractness

1Bootstrapping refers to the linguistics term in language acquisition that humans learn new knowledge by rec-
ognizing its semantic elements and connecting them with known knowledge [141].
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in ℎ𝑎. As shown in Figure 4.1, conceptualizing watch football game to observe is wrong within
the context of having feel relaxed as a result. Plausible (ℎ𝑎, 𝑟, 𝑡) triples will be considered as
valid abstract commonsense knowledge.

Specifically, in the first step, there are two ways of conceptualizing head events alone: a
retrieval-based discriminative way and a generative way. The retrieval-based discriminative
paradigm identifies and links a component 𝑖 in ℎ𝑜 to a concept 𝑐 in a concept taxonomy 𝐶 to
form a conceptualization ℎ𝑎 by replacing 𝑖 with 𝑐. The model needs to verify whether ℎ𝑎 is a
valid conceptualization of ℎ𝑜. The generative paradigm aims to generate a ℎ𝑎 directly given ℎ𝑜
and the designated component 𝑖 in ℎ𝑜.

Formally, denote the annotated dataset in the first step, event conceptualization, as 𝐷𝑙ℎ ={(ℎ𝑜, ℎ𝑎, 𝑦)|ℎ𝑜 ∈ 𝐻𝑜, ℎ𝑎 ∈ 𝐻𝑎, 𝑦 ∈ {0, 1}}, where ℎ𝑜 is an original head event without concep-
tualization, ℎ𝑎 is a corresponding conceptualization of ℎ𝑜, and 𝑦 is the human-annotated label
indicating whether such a conceptualization is plausible or not. The labeled dataset in the second
step, triple conceptualization, is denoted as 𝐷𝑙𝑡 = {(ℎ, 𝑟, 𝑡, 𝑦)|ℎ ∈ 𝐻𝑎, 𝑟 ∈ 𝑅, 𝑡 ∈ 𝑇 , 𝑦 ∈ {0, 1}},
where ℎ is a conceptualized head event from the first step, 𝑟 and 𝑡 are a relation and a tail from
the original CSKB accompanied with the corresponding original head ℎ𝑜, and 𝑦 is the human-
annotated label indicating whether such abstract commonsense knowledge, in the form of a con-
ceptualized triple, is plausible or not. Besides labeled datasets, unlabeled datasets are defined
similarly as 𝐷𝑢ℎ and 𝐷𝑢𝑡 only with the difference that labels 𝑦 are missing. Thus, the task ob-
jective for discriminative event conceptualization is to determine whether a ℎ𝑜 can be properly
abstracted using ℎ𝑎, where ℎ𝑎 is derived by replacing a component 𝑖 ⊂ ℎ𝑜 with its linked concept𝑐 from a concept taxonomy 𝐶 . The task objective for generative event conceptualization is to
generate ℎ𝑎 directly from ℎ𝑜 with text generation models. For the triple conceptualization task,
the objective is to distinguish whether a conceptualized triple (ℎ𝑎, 𝑟, 𝑡), representing abstract
commonsense knowledge, is plausible or not.

On the suitability of abstraction level. A natural question is how to determine whether a
conceptualization is at a suitable level of abstraction, since the same event can often be lifted
to multiple concepts of different granularity. In this thesis, we do not treat suitability as a fixed
ontological level independent of context. Instead, a suitable abstraction is defined operationally
by two coupled requirements. First, it must preserve enough semantic content from the original
event to support the intended inferential relation. Second, it must be general enough to transfer
beyond the original surface realization and support reuse across related instances. Abstractions
that are too specific fail to improve generalization, while abstractions that are too coarse may
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Data Type Train Dev Test

𝐷𝑙 #event 107,384 12,117 11,503
#triple 65,386 8,403 7,408

𝐷𝑢 #event 304,983 36,023 31,578
#triple 4,851,272 499,523 570,400

Table 4.1: Statistics of labeled data 𝐷𝑙 and unlabeled data 𝐷𝑢 in AbstractATOMIC.

erase the latent property that makes the original triple plausible.
This view is consistent with the motivating example in Figure 4.1. For the event PersonX

watches football game, an abstraction such as relaxing event remains suitable because it pre-
serves the aspect of the original event that explains the downstream inference PersonX will feel
relaxed. By contrast, an abstraction such as observe is linguistically valid but inferentially too
weak, because it removes the entertaining and restorative aspect that supports the tail event. In
other words, the correctness of an abstraction cannot be judged solely by lexical or taxonomic
relatedness; it must be evaluated relative to what inferential role the abstracted event is expected
to play.

Accordingly, CAT determines abstraction quality through contextual survivability rather
than through an externally fixed abstraction depth. A conceptualized head event is not only re-
quired to be plausible as an abstraction of the original head, but also required to remain plausible
when re-inserted into the relation–tail context. Moreover, the instantiation step provides a com-
plementary signal: if an abstraction can be grounded into multiple concrete, context-compatible
realizations, this is evidence that the abstraction has retained the right reusable structure rather
than merely becoming vague. The suitable abstraction level is therefore the level at which an
event still supports the original inferential regularity while enabling transfer to new instances.
This criterion is especially important for commonsense reasoning, where overly aggressive ab-
straction can easily produce conceptually neat but functionally unusable knowledge.

4.1.3 Datasets

To study conceptualization over CSKBs, we use the AbstractATOMIC dataset [78] as the bench-
mark to investigate the effect of having (𝑟, 𝑡) as contextualization. In AbstractATOMIC, ATOMIC
is used as the original CSKB [128]. Different from traditional conceptual knowledge bench-
marks, the presence of commonsense relations and inferences enforces conceptualization and
instantiations to be contextualized, and the event conceptualization adopts a discriminative way,
where a syntactic parsing schema is defined to identify the components 𝑖 in ℎ𝑜 to be heuristi-
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cally linked to concept taxonomies Probase [62] and WordNet [57] to form conceptualized ℎ𝑎.
Such a heuristic can produce over 32 times more candidate conceptualized head events and over
10 times more conceptualized triples compared with the original ATOMIC, as the number of
retrieved concepts from the concept taxonomy 𝐶 can be manually controlled to acquire a large
number of conceptualizations. Triple conceptualization is defined as predicting the plausibility
of the triples whose head is conceptualized. Only 131K (26%) conceptualizations of 7K (45%)
ATOMIC head events and 81K (1.3%) conceptualized triples are manually annotated as 𝐷𝑙ℎ and𝐷𝑙𝑡 , while others remain unlabeled 𝐷𝑢ℎ and 𝐷𝑢𝑡 . The trn/dev/tst partition follows the same split
as in the original ATOMIC. Statistics of AbstractATOMIC are shown in Table 4.1.

4.2 Related Works

4.2.1 Conceptualization and Instantiation.

Existing studies have explored conceptualization and instantiation largely as separate problems.
Early work derived more general knowledge by abstracting over large collections of factoids ob-
tained from WordNet synsets [57, 136]. Subsequent approaches mapped instances in sentences
to higher-level concepts using weight matching with Probase [62, 68, 69, 137]. More recently,
taxonomy-guided induction has been proposed to mine verb-oriented commonsense knowledge
from verb phrases [142]. In parallel, benchmarks have been developed to probe whether lan-
guage models possess conceptual knowledge, including zero-shot probing suites for concep-
tual reasoning [88]. While much of the above focuses on entity conceptualization, event-level
conceptualization has also been studied, e.g., via an ATOMIC-based benchmark constructed
with syntactic parsing, heuristic semantic matching, and human annotation [78, 128]. Relat-
edly, ultra-fine entity typing aims to assign free-form type phrases to named entities, nominals,
and pronouns, sharing a similar goal of mapping mentions to semantically meaningful abstrac-
tions [143–145]. On the instantiation side, controllable generation has been used to automat-
ically probe valid instantiations of abstract knowledge [135]. Although existing evidence sug-
gests that pretrained language models still lack robust conceptual knowledge [88, 146], prior
work has not explicitly integrated conceptualization and instantiation into a unified framework
for deriving abstract knowledge that is both context-sensitive and generalizable.
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4.2.2 Commonsense Reasoning.

Endowing NLP systems with commonsense reasoning remains a central yet challenging goal in
artificial intelligence [20]. Accordingly, a variety of benchmarks have been proposed to evalu-
ate commonsense reasoning from different perspectives [21–24]. A representative line of work
learns to generate if-then commonsense knowledge; for example, COMET is trained to produce
structured commonsense inferences that can support downstream reasoning tasks [21, 31]. How-
ever, purely generative approaches largely rely on distributional co-occurrence patterns, which
can limit generalization beyond what is observed in training data.

4.2.3 Semi-Supervised Learning.

Semi-supervised learning (SSL) leverages unlabeled data to improve generalization, typically by
augmenting training with pseudo-labeled examples [147–149]. This paradigm has been widely
adopted across domains, including image classification [150, 151], text classification [152–154],
commonsense knowledge base population [155], and named entity recognition [156, 157].

4.3 The CAT Framework
Then, we introduce our proposed Contextualized ConceptualizAtion and InsTantiation (CAT)
framework for conceptualizing commonsense knowledge bases and acquiring abstract common-
sense knowledge. An overview is presented in Figure 4.2. Our motivation is two-fold: first,
adding instantiation after conceptualization to form a cycle can strongly benefit two conceptual-
ization tasks simultaneously. On the one hand, instantiating conceptualized triple relies on the
correctness of event conceptualization. On the other hand, properly conceptualized triples can
benefit event conceptualization via instantiation by providing more context brought by (𝑟, 𝑡). Sec-
ond, to address the lack of annotations, we resort to pseudo labeling, a typical semi-supervised
learning approach to automatically assign pseudo labels to the vast majority of unlabeled data
using a teacher model.

Following prior work [78], we study the retrieval-based discriminative paradigm of event
conceptualization and leave the generative paradigm as an intrinsic evaluation. In CAT, we
unify event conceptualization and triple conceptualization into one cycle and make them mu-
tually benefit each other through instantiation and conceptualization. Our framework can be
summarized into four steps:
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Figure 4.2: Overview of our CAT framework. A running example that conceptualizes the triple
(PersonX is on vacation, xIntent, have fun) is presented in the figure, where the head is
conceptualized first, and the model needs to determine whether the conceptualized triple still

holds after the event conceptualization.

(1) Train teacher models for both event conceptualization and triple conceptualization on the la-
beled dataset 𝐷𝑙ℎ and 𝐷𝑙𝑡 , respectively. Use the two teachers to assign pseudo labels to unlabeled
datasets.
(2) Conduct alternative conceptualization or instantiation on labeled and pseudo-labeled data.
(3) Bootstrap (aggregate) the alternative concepts and instances in the second step using natural
language prompt templates and train student models on both labeled and pseudo-labeled data.
(4) Use the student models to refine the pseudo labels and then re-train the student models.

The resulting models of CAT can derive abstract commonsense knowledge (ℎ𝑎, 𝑟, 𝑡) from
original CSKB triples (ℎ𝑜, 𝑟, 𝑡), and we use that knowledge later for commonsense inference
modeling.

4.3.1 Teacher Model Training

Two teacher models on both event and triple conceptualization tasks are trained separately on
the labeled dataset 𝐷𝑙ℎ and 𝐷𝑙𝑡 . As both tasks are inherently text/triple classification, we adopt
KG-BERT [158] as the skeleton of our models. The event conceptualization model determines
whether ℎ𝑎 is a valid conceptualization of ℎ𝑜, and the triple conceptualization model determines
whether a conceptualized triple (ℎ𝑎, 𝑟, 𝑡) is plausible or not. Both verifiers take the prompted
sentences in Section 4.3.3 as inputs. The two models 𝜃 are trained on annotated examples 𝑥𝑖 with
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a cross-entropy loss (Eq. 4.1) and used to provide pseudo labels to instances from the unlabeled
datasets 𝐷𝑢ℎ and 𝐷𝑢𝑡 . Two thresholds, 𝑇 + and 𝑇 −, are set to determine the pseudo labels of
unlabeled examples with high confidence and quality. Examples with a pseudo-labeled score
higher than 𝑇 + will be labeled 𝑦𝑖 = 1, and those lower than 𝑇 − will be labeled 𝑦𝑖 = 0. The
rest will be discarded. The reason for setting two thresholds is to select high-confident pseudo
examples to ensure quality.

𝐿(𝑥𝑖, 𝜃) = − |𝑥|
∑𝑖=1 𝑦𝑖 log(𝜃(𝑥𝑖)) (4.1)

4.3.2 Alternative Conceptualization and Instantiation

According to prior work [103], when humans learn a new concept, we pre-extract similar known
concepts in our minds and infer possibly equivalent unknown concepts on the fly. Inspired by this
theory, we retrieve additional abstract concepts or instantiated events to help discriminate con-
ceptualizations and abstract commonsense knowledge. For event conceptualization, we retrieve
some alternative possible conceptualizations of ℎ𝑜 to accompany the learning of ℎ𝑎. Additional
conceptualizations of ℎ𝑜 from both labeled and pseudo-labeled examples are predicted again by
the teacher model and ranked according to their plausibility score prediction. And top 𝑚 con-
ceptualizations are retrieved with 𝑚 being a hyperparameter to control the number of retrievals.
The same conceptualization ℎ𝑎 is removed from the candidate pool to avoid repetition. For triple
conceptualization, the task is to determine whether a conceptualized head ℎ𝑎, with concept 𝑐, is
plausible given 𝑟 and 𝑡 as the context. we perform instantiation in cascade to instantiate 𝑐 to some
concrete instances to assist the learning process. Possible instantiations of 𝑐 are extracted from
annotated and pseudo-labeled event conceptualizations by searching for conceptualized eventsℎ′𝑎 ∈ 𝐻𝑎 other than ℎ𝑎 with 𝑐 as the concept and extracting their corresponding instances 𝑖 ⊂ ℎ′𝑎.
Similarly, the instances are then scored by the teacher model, and the top 𝑛 of them are retrieved.

We also instantiate the concept within the abstracted event for abstract triple verification by
retrieving instances. New abstracted events, formed by replacing the target concept with the
retrieved candidates, are sent to the previously trained PseudoReasoner for evaluation. A plau-
sibility threshold 𝑇𝑟 = 0.5 is fixed to filter positive retrieval only. The retrieved candidates are
then ranked according to their plausibility score. Intuitively, alternative event conceptualiza-
tions can serve as hints for discriminating the correctness of the target conceptualization, and
instantiations can carry additional contextualized information to help verify the plausibility of a
conceptualized triple, which meets the objective of deriving abstract commonsense knowledge
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Training Data BLEU-1 BLEU-2 METEOR ROUGE-L CIDEr Human
Dev Test Dev Test Dev Test Dev Test Dev Test Dev Test

𝐷𝑙ℎ + 𝐷𝑢0.95 73.0 71.1 70.2 63.0 48.1 47.1 71.4 70.7 63.6 66.9 92.8 93.3𝐷𝑙ℎ + 𝐷𝑢0.9 71.3 71.9 65.2 63.8 45.7 46.7 69.8 71.3 63.4 67.9 90.5 91.0𝐷𝑙ℎ + 𝐷𝑢0.8 68.2 68.4 65.9 64.0 44.8 44.0 66.6 66.7 60.0 62.0 86.0 85.7𝐷𝑙ℎ + 𝐷𝑢0.7 66.5 67.2 57.2 62.6 43.0 43.4 65.9 65.8 60.4 61.2 79.0 80.3𝐷𝑙ℎ + 𝐷𝑢0.5 64.9 62.4 58.3 51.1 41.2 40.9 63.8 63.0 58.2 59.4 74.5 79.0

𝐷𝑙ℎ 67.6 65.3 56.8 53.1 43.5 43.1 65.7 66.6 60.2 60.9 70.0 81.5
Zero-Shot 20.2 17.0 6.80 4.11 5.80 4.70 3.80 3.00 1.90 1.60 15.0 11.5

Table 4.2: Performance (%) of GPT2 (XL) on the generative event conceptualization task. 𝐷𝑙ℎ
stands for annotated labeled data, and 𝐷𝑢 stands for the data acquired by CAT. The underfoot
value indicates the threshold for selecting plausible pseudo labels. The best performances are

bold-faced, and the second-best ones are underlined.

that is context-sensitive.

4.3.3 Prompt Aggregation

We then bootstrap the retrieved alternative conceptualizations/instantiations via natural language
prompts. Here bootstrap [140] can be understood as binding the alternative retrievals and the tar-
get concept/triple together to strengthen the discrimination of the target concept/triple. As shown
in Figure 4.2 step (3), the initially given input and retrieved concepts/instances are concatenated
via human-defined prompts for both conceptualization tasks. Alternative concepts/instances are
sorted in the order of their plausibility score ranking. [SEP] tokens are added to separate dif-
ferent components in the prompt. Two student models 𝒮ℎ and 𝒮𝑡 for both tasks are trained using
the modified text with such prompts as inputs. They are expected to learn the bootstrapping
connectionism between the target and the additional retrievals we provided.

4.3.4 Pseudo-Label Refinement

All pseudo labels, initially derived by a teacher model trained on the original labeled dataset, are
re-labeled according to the plausibility score predicted by our newly enhanced student models𝒮ℎ and 𝒮𝑡. Similar to the teacher model, two thresholds, 𝑇 + and 𝑇 −, are applied to distinguish
positive and negative examples for both tasks. In addition, negative labels are assigned to triples
whose conceptualized head events are predicted as wrong conceptualizations by 𝒮ℎ, as wrong
conceptualizations will not yield plausible abstract commonsense knowledge.
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4.3.5 Application and Evaluation of CAT

The resulting models of CAT include an event conceptualization model and a triple conceptu-
alization model, both fine-tuned on the refined pseudo labels and the labeled data. These two
models can be used to conceptualize ATOMIC to a larger commonsense knowledge base on a
more abstract level. We further conduct intrinsic evaluations on the acquired event conceptual-
ization model under a generative event conceptualization paradigm and extrinsic evaluations on
the resulting conceptualized CSKB with commonsense inference modeling task (COMET [31])
in Section 4.4. Here we select COMET as the representative because it is a general common-
sense model that can be applied to various downstream commonsense reasoning tasks such as
SocialIQA [80], self-talk [27], and CSKB completion [12]. Meanwhile, generative event con-
ceptualization enables performing automatic conceptualization scalably. Both are important
applications and evaluations of CAT.

4.4 Experiments
We conduct conceptualization experiments using CAT in Section 4.4.1 and generative experi-
ments as evaluations in Section 4.4.2. These experiments demonstrate that CAT has a strong
capability in conceptualizing CSKBs, and better conceptualization modeling can help popu-
late more novel and diverse commonsense knowledge and thus help commonsense modeling
(COMET).

4.4.1 CSKB Conceptualization

Baselines. We collectively introduce the baselines for both event and triple conceptualization
tasks, as they are inherently classification tasks. AUC is used as the evaluation metric. Under
a supervised learning setting, we apply KG-BERT [158] model with BERT [74], BART [92],
RoBERTa [75], DeBERTa [76, 77], and ELECTRA [159] as the backbone language models. We
also attempt to leverage supervised generative language models as baselines. GPT2 [91] models
are trained with a text generation objective only on positive examples, and we use perplexity as
the prediction scores to calculate AUC. For the semi-supervised learning baselines, we lever-
age UDA [160], NoisyStudent [161], and PseudoReasoner [155] with RoBERTa-large being the
backbone model.
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Training Data BLEU-1 BLEU-2 BLEU-3 BLEU-4 METEOR ROUGE-L CIDEr

Dev Test Dev Test Dev Test Dev Test Dev Test Dev Test Dev Test

Zero-Shot 5.42 4.89 1.84 1.51 0.65 0.52 0.26 0.21 6.50 5.70 6.40 5.90 1.60 1.20
ATOMIC (subset) 38.1 38.1 25.4 25.7 18.7 18.8 15.5 15.7 14.9 14.9 33.0 33.2 27.6 27.8

+𝐷𝑙𝑡 38.1 38.5 24.8 25.5 17.8 18.4 14.7 15.2 15.3 15.6 33.1 33.7 26.8 27.3+Finetune 38.6 39.0 25.8 26.6 18.9 19.7 15.7 16.4 15.1 15.4 33.6 34.4 28.8 30.0+𝐷𝑢
Abs.ATM. 40.0 40.3 27.1 27.8 20.0 20.8 16.5 17.5 16.1 16.3 35.3 35.7 31.6 31.7+Finetune 40.1 40.5 27.1 27.8 20.1 20.8 16.7 17.4 16.2 16.4 35.4 35.9 31.8 31.7+𝐷𝑙𝑡 + 𝐷𝑢

Abs.ATM. 40.2 40.6 26.2 27.4 19.0 20.4 15.1 16.8 16.3 16.5 35.0 35.4 31.0 31.3+Finetune 40.0 40.4 26.0 26.9 18.7 19.7 15.0 16.1 16.3 16.4 35.0 35.4 30.3 30.7

+𝐷𝑢
CAT 41.2 41.9 28.1 29.0 20.7 21.5 16.5 17.8 16.6 16.9 35.9 36.5 33.4 33.7+Finetune 41.1 42.0 28.0 29.0 20.4 21.5 16.4 17.6 16.6 17.0 36.0 36.8 33.2 33.8+𝐷𝑙𝑡 + 𝐷𝑢

CAT 39.9 40.5 26.2 27.4 19.3 20.6 16.0 17.4 16.0 16.2 35.0 35.4 30.8 31.3+Finetune 40.4 41.0 26.6 27.6 19.5 20.7 16.1 17.1 16.2 16.5 35.4 35.8 31.3 31.5

Table 4.3: Performances (%) of GPT2 (XL) on commonsense inference modeling task
(COMET). 𝐷𝑙𝑡 stands for annotated abstract triples, and 𝐷𝑢

CAT stands for abstract triples acquired
by CAT. 𝐷𝑢

Abs.ATM. contains triples that are pseudo-labeled by a supervised RoBERTa discrim-
inator [78]. The best performances are bold-faced. Finetune refers to fine-tuning back on the

ATOMIC subset.

Discriminative Results. The results for both tasks are presented in Table 4.6. Under a super-
vised learning setting, KG-BERT family mostly performs better on both tasks than GPT2 due
to the fact that GPT2 is only fine-tuned on positive examples and thus cannot learn from neg-
ative examples that contain wrong conceptualizations and implausible abstract commonsense
knowledge. As for the semi-supervised learning setting, previous SSL baselines are rather lim-
ited in improving the performance against supervised learning. The best PseudoReasoner only
improves by 0.5% and 0.3% on the test set for both tasks compared with supervised RoBERTa-
large models. Instead, models trained with CAT can outperform all other training methodologies.
Comparing the test set performance with PseudoReasoner, small backbone models (BERT-base)
can improve by 3.4% and 2.2%, and large models (RoBERTa-large) can be improved by 2.1%
and 2.2%. This shows pipelining two-step conceptualizations as a loop and leveraging our pro-
posed bootstrapping-based method can yield a larger performance gain compared with simply
applying a semi-supervised learning strategy. For example, the results indicate that bootstrap-
ping alternative conceptualization and instantiation plays the most important role in assisting
learning conceptualization among all components of CAT.

4.4.2 Application and Evaluation of CAT

As CAT is a framework for acquiring conceptualized commonsense knowledge, including both
conceptualized head events (from ℎ𝑜 to ℎ𝑎) and abstract commonsense triples (ℎ𝑎, 𝑟, 𝑡), we as-
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sess these pseudo-labeled outcomes via two generative tasks with various threshold tuning as
evaluations.

Generative Event Conceptualization. To intrinsically evaluate the effectiveness of CAT’s
event conceptualization, we use the acquired conceptualized head events as training data to
learn a generative event conceptualizer. Specifically, the models are trained with instance-
conceptualizations pairs in the format of “<instance> is an instance of <concept>”. At the
evaluation phase, the model is prompted with “<instance> is an instance of [GEN]” where
<instance> is the instance to be conceptualized and [GEN] is the generation token. We then
retrieve the top-1 generation and compare it against the target set from the evaluation dataset to
compute four NLG metrics: BLEU [162], METEOR [163], ROUGE-L [164], and CIDEr [165]
scores. These scores can be regarded as an approximation of the top-1 generations’ recall. Ad-
ditionally, we uniformly sample 500 generations from each evaluation split and conduct expert
annotations on the plausibility of each conceptualization to ensure that out-of-domain concepts
can be properly evaluated. The experts are asked to determine whether each top-1 generation
is indeed a plausible conceptualization or not, such that the top-1 generations’ precision is re-
flected. Thus, current evaluation measures jointly evaluate the top-1 generations’ precision and
recall, which makes it robust and non-easy to be impacted by repetition problems [166]. Zero-
shot GPT2 and GPT2 fine-tuned on the originally labeled event conceptualizations in 𝐷𝑙ℎ are
used as baselines. We also study the effect of the threshold 𝑇 + that selects plausible conceptu-
alized heads, where higher thresholds indicate higher plausibility regarded by CAT. The results
are presented in Table 4.2. With a relatively high threshold, generators trained on a mixture
of pseudo-labeled data by CAT and annotated concepts significantly outperform the baselines
in every automated metric. A plausible rate of 93.3% is maximally achieved on the test set,
which is 11.8% higher than the baseline. Gradually reducing the threshold also decreases the
performance, indicating abstract heads with lower plausibility scores can be of poorer quality.
Such results indicate that CAT can produce high-quality event conceptualizations for generative
models to learn better conceptualizers without the need to annotate a large number of data.

Commonsense Inference Modeling (COMET). The second component of CAT produces
triple-level abstract commonsense knowledge. We evaluate these abstract commonsense triples
with a commonsense inference task that generates commonsense tails given heads and relations
as inputs, as in COMET [31]. Following prior work [78], we apply the same training and eval-
uation process to the models. The base training data we use are a subset of ATOMIC triples
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Figure 4.3: Ablation study on the number of retrieved conceptualizations/instantiations for CAT
framework.

corresponding to those annotated abstract triples in 𝐷𝑙𝑡 , which contains 17K (3.7%) among the
original ATOMIC. We derive abstract commonsense knowledge using CAT from a subset of𝐷𝑢𝑡 where the heads correspond to those in the ATOMIC subset to ensure no data leakage, de-
noted as 𝐷𝑢

CAT. GPT2 is fine-tuned on the ATOMIC subset, the annotated abstract triples 𝐷𝑙𝑡 ,
the abstract knowledge verified by CAT, or their combinations. The commonsense generation
results are presented in Table 4.3. Similar to COMET [31], all models are evaluated on the
original ATOMIC’s full validation and testing sets. The best result is achieved using a mix-
ture of the ATOMIC subset and abstract triples pseudo-labeled by our framework, with 0.95
as the threshold for selecting plausible triples. This indicates high-quality abstract common-
sense triples can indeed provide a more general view of the original commonsense knowledge,
thus helping commonsense inference. Additionally, training with our pseudo-labeled examples
outperforms training with those annotated triples in AbstractATOMIC, which also validates the
effectiveness of our model that leverages a large amount of unlabeled data. To further investi-
gate how conceptual knowledge improves commonsense inference modeling, we conduct more
empirical analysis in Section 4.4.4.

4.4.3 Number of Retrieved Alternative Conceptualizations and Instantia-
tions.

We then study the ablation of bootstrapping different numbers of alternative conceptualization-
s/instantiations (denoted as #retrieval) in our CAT framework. For simplicity, when tuning the
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Figure 4.4: Comparison of performance improvement by GPT2 generator trained on the
conceptualization-aided ATOMIC subset for two groups of testing head events.

#retrieval for one task, the #retrieval of the other task is fixed at the best value we acquired. We
plot the test AUC score with #retrieval from 0 to 11 using BERT-base as the backbone model
in Figure 4.3. #retrieval=0 refers to training with a simple student-teacher framework without
bootstrapping alternative conceptualizations and instantiations. For event conceptualization, the
performance generally positively correlates with the number of retrievals, while it starts drop-
ping after 9. A reversed trend is observed for triple conceptualization, where using only two
instances achieves the best performance. One possible reason is that in triple conceptualization,
the retrieved instances are events and much longer than the retrieved concepts in event concep-
tualization, and aggregating various alternative events for a triple will cause language models to
be less sensitive to the semantics of the original triple [167].

4.4.4 The Effect of Abstract Knowledge

We finally study the effect of abstract commonsense knowledge acquired by CAT by studying the
semantic overlaps between training and testing data. We sort the test set by the BERTScore [168]
between each individual testing entry against the whole training set in the original ATOMIC and
split them in half to acquire two test groups. The testing entries with lower BERTScore on the
training set indicate a larger semantic shift from the training set [169], which is also harder for
models to discriminate [170]. We denote the testing group with a lower BERTScore as “Diffi-
cult” and the other half as “Easy”. The performance gain on the two test set splits between the

37



Figure 4.5: Performance (%) curve by COMET (GPT2-XL) on commonsense inference genera-
tion task with different thresholds for determining positive pseudo labels. Performance with the

best threshold of 0.95 is marked as the red dotted line.

best conceptualization-aided COMET and the COMET trained on the ATOMIC subset only is
reported in Figure 4.4. We can observe that training COMET with abstract commonsense knowl-
edge leads to a larger improvement for harder test examples dissimilar from the original training
set, indicating that introducing extra abstract commonsense knowledge can help COMET be-
come more generalizable to harder test sets.

4.4.5 Ablation of Threshold

We conduct a more comprehensive study on the commonsense inference generation task by ex-
perimenting with the effect of threshold tuning when filtering abstract commonsense knowledge.
Multiple thresholds ranging from 0.5 to 0.995 are experimented with to derive abstract com-
monsense knowledge of different qualities. COMET (GPT2-XL) generators are fine-tuned on
the ATOMIC subset, augmented by a mixture of annotated and pseudo-labeled abstract triples.
The performance curve according to the threshold is plotted in Figure 4.5.

It can be observed that gradually increasing the threshold from 0.75 will lead to better perfor-
mance, which may be due to the improvement in data quality. However, increasing the threshold
over 0.95 will cause a performance drop. One possible reason is the amount of pseudo-labeled
triples significantly drops with a relatively high threshold, and COMET fails to learn well from
annotated triples only. Using the CAT framework to pseudo-label unlabeled abstract triples
leads to better performance than leveraging a RoBERTa-large supervised discriminator to assign
pseudo-labels, which also validates the reliability of the triple conceptualization discriminator in
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CAT. Also, it is noticeable that training COMET with triples based on our constructed ATOMIC
subset is much worse than training with the full ATOMIC dataset. This indicates that exposing
the model with substantial factual commonsense knowledge is still important, and only equip-
ping the model with abstract commonsense knowledge is not enough for commonsense inference
modeling.

4.4.6 Ablation of Framework Components

In this section, we study the effects of different components in CAT and the training strategy of
CAT. These studies indicate that our framework design and the proposed bootstrapping method
play an important role in CSKB conceptualization and are more effective than leveraging unla-
beled data with pseudo labels.

Our CAT framework consists of three critical components that make CAT different from
traditional semi-supervised baselines. They are denoted as:• Bootstrapping: Assist the training of student models by retrieving alternative conceptual-
izations and instantiations and bootstrapping them via natural language prompts. Dropping this
component will train student models with the original textual prompts that are also used by the
teacher models.• CAT Cycle: Unite event and triple conceptualization tasks by assigning negative pseudo
labels to abstract triples whose conceptualized head is predicted as wrong conceptualization.
Dropping this component will separate the framework into two lines of training, which are train-
ing event conceptualization and triple conceptualization models separately.• Pseudo-label refinement: Refine the pseudo labels with the latest student models and re-
train the student models. Dropping this component will not update any pseudo label and will
not re-train the student model.

We then conduct ablation studies regarding these three components with semi-supervised
CAT to prove the effectiveness of our framework design and proposed bootstrapping method.
Each component is removed separately, and the test set performances by student models are re-
ported. The results are shown in Table 4.4. From the results, bootstrapping alternative concep-
tualization and instantiation leads to the largest performance gain. Bridging event conceptual-
ization discrimination with triple conceptualization also causes slight improvements. However,
refining the pseudo labels and re-train the student models have barely any effect. Thus, our boot-
strapping method is the most important component within the entire CAT framework and can
effectively assist in learning conceptual knowledge.
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Models Event. Triple.
CAT (BERT-base) 87.4 76.3
⋄ w/o Bootstrapping 83.1 73.0⋄ w/o CAT Cycle 86.5 75.1⋄ w/o Pseudo-label Refinement 87.4 76.2

CAT (DeBERTa-v3-large) 89.2 80.0
⋄ w/o Bootstrapping 84.0 77.7⋄ w/o CAT Cycle 88.1 79.0⋄ w/o Pseudo-label Refinement 89.1 79.7

Table 4.4: Ablation study on three components of CAT. Three components refer to the explana-
tions above. The column Event. indicates test set AUC on the event conceptualization task, and

the column Triple. indicates test set AUC on the triple conceptualization task.

Method Event. Triple. Total

Supervised Baselines 107,384 65,386 172,770
UDA 412,367 4,916,658 5,329,025
Noisy-Student 412,367 4,916,658 5,329,025
PseudoReasoner 316,601 1,727,865 2,044,466

CAT 317,507 1,595,411 1,912,918

Table 4.5: Comparison between the number of training data for discriminative event conceptu-
alization (Event.) and triple conceptualization (Triple.) tasks.

4.4.7 Ablation of Supervised CAT

We further study training CAT in a supervised learning setting to examine the role of unlabeled
data. In supervised CAT, no teacher models are trained to provide pseudo labels. The alternative
conceptualizations and instantiations are retrieved directly from the annotated event conceptu-
alization data and bootstrapped later. Two student models are trained on the bootstrapped data
only and evaluated on the same testing set, and the results are reported in Table 4.6. Compared
with supervised learning baselines, supervised CAT can achieve a comparable result on the event
conceptualization task. This may be due to the fact that the diversity of concepts drops without
considering unlabeled conceptualizations. Improvements in the triple conceptualization task are
more significant, and the results are comparable with semi-supervised CAT. This indicates that
our framework design and bootstrapping method are successful in discriminating high-quality
abstract commonsense knowledge, and leveraging a semi-supervised learning paradigm benefits
more in event conceptualization discrimination.
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4.4.8 Computational Cost Analysis

In this section, we compare the number of training data used for both CSKB conceptualization
tasks to compare the computational cost across different frameworks and methodologies empir-
ically. Both annotated and pseudo-labeled data are counted. The comparison result is presented
in Table 4.5. All semi-supervised learning methods leverage a significant amount of unlabeled
data due to the great scarcity of annotations. With threshold filterings, PseudoReasoner [155]
and our CAT framework can abandon more than half of pseudo examples with poor quality.
Even though our CAT framework can still outperform PseudoReasoner and achieve the best per-
formance among all methods. Additionally, there is no notable increase in the number of model
parameters as CAT also applies a teacher-student paradigm that is similar to Noisy-Student and
PseudoReasoner. Even compared with the supervised baselines, CAT only doubles the parame-
ters used. In conclusion, with comparable training data and parameters against other baselines,
CAT can achieve much better results and state-of-the-art performances.

4.5 Conclusions
In conclusion, this chapter proposes CAT, a semi-supervised learning framework for common-
sense reasoning, by leveraging the power of abstract commonsense knowledge. By achieving
state-of-the-art performances in CSKB conceptualization tasks, we remarkably improve mod-
eling commonsense inference, as an important cornerstone of many commonsense reasoning
tasks. Our analysis also demonstrates that high-quality abstract commonsense knowledge can
benefit commonsense inference modeling by providing more generalizability on hard common-
sense knowledge. We hope this method can draw insights toward commonsense reasoning from
a conceptualization perspective.
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Framework Backbone PTLM / Method Event Conceptualization Triple Conceptualization

Validation Testing Validation Testing

Supervised
Learning

BERT-base 110M 82.4±0.05 82.5±0.31 71.2±0.58 72.6±0.71
BERT-large 340M 82.8±0.48 83.1±0.80 72.4±0.01 73.7±0.00
BART-base 139M 83.8±0.28 84.4±0.32 72.0±0.09 72.6±0.15
BART-large 406M 85.0±0.13 85.2±0.22 74.5±0.13 76.2±0.19
RoBERTa-base 110M 84.1±0.04 84.5±0.19 72.2±0.00 74.1±0.00
RoBERTa-large 340M 85.2±0.24 85.5±0.02 75.3±0.00 76.9±0.01
DeBERTa-v3-base 214M 85.1±0.08 85.8±0.07 73.9±0.10 75.9±0.04
DeBERTa-v3-large 435M 85.8±0.05 86.2±0.15 76.9±0.03 78.0±0.02
ELECTRA-base 110M 85.4±0.05 85.8±0.02 74.3±0.27 76.2±0.12
ELECTRA-large 340M 84.7±0.47 85.3±0.38 75.6±0.01 77.9±0.06

GPT2-base 117M 60.0±0.06 59.1±0.14 52.8±0.14 55.9±0.11
GPT2-medium 345M 61.2±0.11 60.3±0.08 54.6±0.17 57.4±0.09
GPT2-large 774M 64.1±0.05 62.7±0.08 60.5±0.11 59.8±0.06
GPT2-XL 1558M 64.2±0.19 63.6±0.22 62.2±0.08 61.5±0.10

Semi-Supervised
Learning

UDA (TF-IDF) 83.6±0.29 83.6±0.24 75.8±1.26 76.8±1.34
UDA (back-trans.) 83.4±0.27 83.6±0.24 75.8±1.25 76.8±1.34
Noisy-Student 86.4±0.05 86.5±0.09 75.4±0.64 76.7±0.59
PseudoReasoner (BERT-base) 83.3±0.11 84.0±0.24 73.0±0.14 74.1±0.33
PseudoReasoner (RoBERTa-large) 86.6±0.25 86.7±0.33 76.3±0.12 77.2±0.21

CAT
(Supervised)

BERT-base 110M 83.9±0.42 84.5±0.43 73.4±0.32 73.3±0.23
BERT-large 340M 82.8±0.48 83.1±0.80 72.4±0.01 73.7±0.00
BART-base 139M 84.9±0.05 85.4±0.08 75.2±0.06 76.9±0.21
BART-large 406M 86.2±0.05 86.0±0.06 76.8±0.21 78.7±0.31
RoBERTa-base 110M 85.5±0.06 86.0±0.06 76.6±0.12 77.2±0.18
RoBERTa-large 340M 86.2±0.31 86.2±0.31 77.7±0.19 78.5±0.28
DeBERTa-v3-base 214M 85.8±0.15 86.2±0.07 76.8±0.28 79.0±0.20
DeBERTa-v3-large 435M 86.3±0.11 86.7±0.08 78.4±0.20 79.5±0.18
ELECTRA-base 110M 85.5±0.12 85.7±0.08 76.7±0.05 77.3±0.16
ELECTRA-large 340M 86.2±0.66 86.0±0.62 77.8±0.11 78.5±0.09

CAT
(Semi-Supervised)

BERT-base 110M 87.1±0.06 87.4±0.11 74.3±0.26 76.3±0.38
BERT-large 340M 87.7±0.16 88.0±0.19 75.8±0.23 77.8±0.36
BART-base 139M 88.2±0.09 88.2±0.09 75.7±0.09 78.0±0.14
BART-large 406M 88.6±0.07 88.7±0.10 77.2±0.12 79.0±0.14
RoBERTa-base 110M 88.4±0.12 88.3±0.08 76.9±0.16 78.0±0.19
RoBERTa-large 340M 89.0±0.15 88.8±0.20 78.2±0.08 79.4±0.14
DeBERTa-v3-base 214M 88.8±0.12 88.9±0.08 77.5±0.10 79.9±0.07
DeBERTa-v3-large 435M 89.1±0.05 89.2±0.14 78.7±0.16 80.0±0.33
ELECTRA-base 110M 88.7±0.10 88.9±0.10 74.9±0.15 75.5±0.40
ELECTRA-large 340M 88.6±0.77 88.5±0.70 74.9±0.15 75.5±0.40

Table 4.6: Performance (%) by our CAT framework on the discriminative event conceptualiza-
tion and triple conceptualization tasks. We report the average AUC score and standard deviation
across experiments with three random seeds. The best performances within each framework are

underlined, and the best among all models are bold-faced.
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CHAPTER 5

CONCEPTUALIZATION-AUGMENTED COMMONSENSE
QUESTION ANSWERING

Chapters 3–4 established conceptualization as a concrete mechanism for generalization and
studied how to learn the conceptualization–instantiation mapping itself—together with a plau-
sibility model—so that abstract commonsense triples can be acquired from largely unlabeled
CSKB data. In particular, Chapter 4 (CAT) treated conceptualization and instantiation as a cou-
pled “lift-and-ground” loop and showed that, when supervision is scarce, the two directions can
regularize and bootstrap each other to scale the acquisition of contextualized abstract common-
sense knowledge in CSKBs. This gives us a practical answer to a foundational question in this
thesis: where can concept-level knowledge come from, and how can we obtain it reliably beyond
manual curation.

This chapter moves from acquiring conceptualized knowledge to using it as supervision for
downstream reasoning. Commonsense question answering is a natural next step: it operational-
izes generalization as the ability to select the most plausible option under new distributions, often
without access to labeled training data from the target benchmark. At the same time, it exposes
a key limitation of prior CSKB-to-QA pipelines: even if a CSKB is large, converting it into
training instances with heuristic negative sampling can inject systematic noise (false negatives)
and can leave important abstractions implicit rather than learnable.

Conceptualization provides a unifying way to address both issues. By lifting instance-level
triples to concept-level variants, we can expand the coverage of CSKB-derived supervision with
abstract knowledge that transfers across surface forms; by using concept-level overlap as an
additional constraint, we can generate harder yet cleaner distractors that better reflect semantic
plausibility. Building on the conceptualization models and plausibility filtering developed in
CAT, we propose CAR (Conceptualization-Augmented Reasoner), which injects conceptualized
knowledge into CSKB-based QA synthesis and uses concept-aware distractor sampling to reduce
false negatives—thereby translating the lift-and-ground principle into improved robustness in
zero-shot commonsense QA.
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Distractor Knowledge 
Sampling

PersonX played a football game, xWant, take a rest

CSKB (Usually highly incomplete.)

PersonX invites PersonY to 
his house, xWant, have a 

drink

PersonX likes to sing, 
xWant, show to others

What does PersonX want 
after played a football game?

A: take a rest

B: have a drink

C: show to others

False Negative

Ground Truth

Wrong

Lexicalization

Q
A Pair Synthesis

Figure 5.1: An example of constructing synthetic QA pairs from CSKB [35]. The simple heuris-
tic used in this process can result in false negative options.

5.1 Introduction
Enabling machines to reason with commonsense knowledge is a long-standing goal of artifi-
cial intelligence [126, 171]. Pre-trained Language Models (PLMs; [74, 159]) fine-tuned on
task-specific training sets achieve remarkable near-human performance on held-out test sets, yet
struggle to generalize to examples that are distributionally different from their training sets [172–
175]. This discrepancy arises because fine-tuned PLMs often rely on spurious, dataset-specific
correlations to learn a task rather than learning to fully leverage implicit commonsense knowl-
edge required for reasoning [176]. For reasoning systems to be effective, though, they must be
robust across domains and generalize beyond the specificities of individual datasets.

To confront the generalization issue in commonsense reasoning tasks, the task of zero-
shot commonsense Question-Answering (QA) requires models to answer questions for evalu-
ation benchmarks without access to their corresponding training data [27, 177]. Among several
methods that tackle this task, the most performant ones inject commonsense knowledge from
CSKBs [129, 178] into PLMs by fine-tuning them on synthetic QA pairs transformed from com-
monsense knowledge triples, where the head and relation are transformed to a question, and the
tail serves as a ground answer. Negative examples are randomly sampled with keyword-overlap
constraints [35]. Such knowledge injection benefits not only QA tasks that are derived from
CSKBs, such as SocialIQA [80], which is derived from ATOMIC [128], but also QA datasets
in other domains [114].

Despite recent advancements in this area, two major challenges remain. First, manually cu-
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(PersonX played a football game, xWant, take a rest)

(played a football game, IsA, Sport)
(played a football game, IsA, Tiring event)
…
(played a football game, IsA, Exercise)

Original Knowledge Triple

Conceptualization Relations

(PersonX (do) Sport, xWant, take a rest)
(PersonX (do) Tiring event, xWant, take a rest)
…
(PersonX (do) Exercise, xWant, take a rest)

Abstract Knowledge

Conceptualization 
Inference

(ℎ, 𝑟, 𝑡) ∧ (ℎ,IsA, ℎ𝑐)

(ℎ𝑐, 𝑟, 𝑡)

Figure 5.2: An example of conceptualization inference. More abstracted knowledge, such as
(Do sport, xWant, take a rest), can be obtained through conceptualization.

rated CSKBs, such as ATOMIC, are incomplete [179]. While consolidating multiple CSKBs
can improve coverage, it remains infeasible to cover all conceivable knowledge for the vast range
of entities and situations in the real world [78]. Automatic methods for expanding CSKBs exist,
such as knowledge base completion [8, 12], and knowledge distillation from large language mod-
els [42, 180], but they either fail to provide knowledge about novel entities or only provide highly
accurate yet less informative knowledge (e.g., vague adjectives, such as happy, as situation de-
scriptors). Second, in zero-shot commonsense QA, negative examples are required for models
to learn to distinguish the validity of commonsense scenarios [181]. However, existing negative
QA examples are synthesized using simple heuristic-based negative sampling without consider-
ing deeper semantics, resulting in too many false negative options. For instance, in Figure 5.1,
“have a drink” is also plausible in the context of “after playing a football game.” This indicates
that the lack of common keywords does not ensure the implausibility of distractors, as the sam-
pled knowledge may still be semantically related. These questions that label plausible options
as negative instances confuse the model during training, impeding its ability to discern correct
commonsense knowledge. To identify dissimilar knowledge for distractors, signals representing
higher-level semantics of both the question and commonsense knowledge are required.

We tackle both of these challenges by utilizing conceptualization. As prior work [103] posits,
humans rely on conceptual induction to draw inferences about unseen situations without the
need for memorizing specific knowledge. Conceptualization [78] offers a similar capability by
abstracting a set of instances into concepts, which allows for the derivation of abstract com-
monsense knowledge associated with each concept that can be instantiated to assist reasoning
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on specific downstream situations. For example, in Figure 5.2, “play a football game” can be
conceptualized as a tiring event, which further generalizes as abstract knowledge. The benefits
of conceptualization are twofold. First, conceptualized commonsense knowledge introduces ab-
stract knowledge through a one-step concept inference based on the original CSKB, enhancing
knowledge coverage. Second, as the abstract knowledge is conditioned on the original knowl-
edge, the recall of knowledge regarding the same head is increased, leading to more fine-grained
constraints for negative option sampling.

Inspired by these advantages, we propose CAR (Conceptualization-Augmented Reasoner),
a simple yet effective zero-shot commonsense QA framework that leverages conceptualization
to expand existing CSKBs and reduce false-negative distractors. We first augment the original
CSKB with conceptualization to infuse abstract commonsense knowledge to improve knowledge
coverage. Then, we propose a conceptualization-constraint sampling strategy that generates dis-
tractors with concept-level constraints to prevent false negative options (Section 5.4). Under
our evaluation protocol and prompts (Section 5.5), CAR achieves higher average accuracy than
the two prompted LLM baselines we tested (GPT-3.5 text-davinci-003 and ChatGPT
gpt-3.5-turbo). In Section 5.6, we analyze why CAR works by providing human eval-
uations that show a significant reduction of false negative options compared to other methods.
Finally, our analysis reveals that conceptualization-augmented training examples tend to be more
ambiguous [182] than those produced by prior heuristics, leading to better out-of-domain gen-
eralization.

The contributions of this chapter are three-fold: (1) We propose a novel zero-shot common-
sense QA framework that incorporates conceptualization-based abstract commonsense knowl-
edge to enhance the generalizability of QA models. (2) We introduce a new conceptualization-
constrained distractor generation strategy for synthesizing QA pairs from CSKB, which greatly
improves the fairness of distractors. (3) We validate the effectiveness of CAR by achieving
state-of-the-art performances on five QA benchmarks, surpassing all existing methods and large
language models, such as ChatGPT. We also conduct comprehensive analyses to evaluate the
advantages brought by conceptualizations.

5.2 Related Works
Zero-shot Commonsense QA. Zero-shot commonsense QA evaluates a model’s reasoning
generalizability on unseen QA entries without any supervision signals from the corresponding
annotated training data. To tackle this task, two primary pipelines have emerged in existing
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works. The first paradigm employs off-the-shelf language models without changing the parame-
ters, either using vanilla language modeling with prompts [25, 26], or with some inference-time
mechanisms specifically designed for reasoning, such as self-talk [27], cloze translation [28],
and dynamic generation of reasoning sub-graphs and graph reasoning [29]. The second pipeline
leverages external CSKBs as knowledge sources to provide PLMs with additional supervision
signals for further fine-tuning [34–36]. A common strategy involves converting knowledge
triples in CSKBs to synthetic QA pairs by transforming the head and relation to a question,
the tail to a gold answer, and (randomly) sample tails from other heads as distractors. Such fine-
tuning paradigm benefits from incorporating CSKBs within different domains [37, 38] and ex-
ploiting multi-hop graph structures with graph neural networks [39], and heightens the model’s
commonsense sensitivity in a QA context, which leads to state-of-the-art performances. By
comparing plausible commonsense knowledge with negative examples, these methods teach the
model to better distinguish between them.

Conceptualization. Conceptualization refers to the process of abstracting a group of instances
or events into a general concept [68, 69]. In commonsense reasoning, it simulates conceptual
induction [103] and enables the derivation of abstract commonsense knowledge under the spe-
cific contextualization of the original commonsense knowledge [108], which is often lacking in
existing CSKBs. Around many existing works studying conceptualization [88, 136, 137, 142],
AbstractATOMIC [78] investigates it at event-level semantics and construct AbstractATOMIC,
an event conceptualization benchmark and knowledge base based on ATOMIC [128]. Recently,
CAT [85] proposes to conceptualize CSKBs at scale with semi-supervised learning and demon-
strate abstract knowledge can enhance commonsense inference modeling [31, 183]. With current
works mostly investigating the problem of conceptualization itself, none of them have extrin-
sically evaluated the impact of conceptualization on downstream tasks, such as commonsense
QA [21] or machine reading comprehension [184].

Data Augmentation. Data augmentation aims at generating new examples from existing data
to expand the size and diversity of a training set without requiring costly data annotations [185].
Various methods have been proposed to augment textual data, including those using random
perturbation [185], text embeddings [186], lexical semantics [187], back translation [188], and
large language models [42, 180, 189] for CSKB construction. Nevertheless, text-perturbation-
based augmentations do not provide new knowledge to CSKBs, and knowledge mining from
large language models suffers from high typicality (e.g., favoring simple commonsense over
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informative yet rare commonsense) and low density, still making negative sampling subject to
false negatives [12].

5.3 Problem Definition

5.3.1 Definitions

Conceptualization. Formally, denote a CSKB as 𝐷 with knowledge triples in the format of𝐷 = {(ℎ, 𝑟, 𝑡)|ℎ ∈ 𝐻, 𝑟 ∈ 𝑅, 𝑡 ∈ 𝑇 }, where 𝐻 , 𝑅, and 𝑇 are the sets of heads, relations, and
tails in the original CSKB. Following prior work [78], the conceptualized CSKB, conditioned
on 𝐷, can be denoted as 𝐷𝐶 = {(ℎ𝑐, 𝑟, 𝑡)|ℎ𝑐 ∈ 𝐻𝑐, 𝑟 ∈ 𝑅, 𝑡 ∈ 𝑇 }, where 𝐻𝑐 is the set of
conceptualized head events. Specifically, each conceptualized head ℎ𝑐 is obtained by replacing
a component 𝑖 ∈ ℎ with its abstract concept 𝑐 while ensuring that the formed (ℎ𝑐, 𝑟, 𝑡) triple is
still plausible in the original context (𝑟, 𝑡). Such (ℎ𝑐, 𝑟, 𝑡) triples are commonly referred to as
abstract commonsense knowledge.

Zero-shot Commonsense QA. In this chapter, we employ the zero-shot commonsense QA
task proposed [35] to study our framework. First, the CSKB 𝐷 is transformed into multiple(𝑄𝑖, 𝐴𝑖) pairs where 𝑄𝑖 is a natural langauge question and 𝐴𝑖 = {𝐴𝑖,1, 𝐴𝑖,2, ..., 𝐴𝑖,𝑚} is a set of
options with 𝑚 candidates. Specifically, for a given knowledge triple (ℎ, 𝑟, 𝑡) ∈ 𝐷, we convertℎ, 𝑟 into 𝑄𝑖 via natural language templates and use 𝑡 as the ground answer. Additionally, we
retrieve 𝑚 − 1 distractors from other triples sampled from 𝐷 using a manually defined strategy,
such as keyword overlap filtering. The objective of our task is to train a QA model from the
synthetic QA sets 𝐷𝑄 = {(𝑄𝑖, 𝐴𝑖)|(ℎ𝑖, 𝑟𝑖, 𝑡𝑖) ∈ 𝐷}. Once trained, the model is tested on held-
out test entries (𝑄𝑡𝑒𝑠𝑡, 𝐴𝑡𝑒𝑠𝑡) from QA benchmarks. This requires the model to perform zero-shot
commonsense reasoning since the training data from the target benchmarks are unavailable to
the model.

5.3.2 Dataset

We use ATOMIC [80] as the source CSKB 𝐷 and AbstractATOMIC [78] as the conceptualized
CSKB 𝐷𝐶 conditioned on ATOMIC. ATOMIC contains inferential commonsense knowledge,
in the format of (ℎ, 𝑟, 𝑡) triple, that is associated with commonly seen events. Specifically, the
heads of ATOMIC triples are events, whereas the tail nodes are either events or attributes. For
conceptualization, we use the human-annotated abstract knowledge from AbstractATOMIC [78]
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Figure 5.3: An overview of the CAR framework, which shows the process of synthesizing (Per-
sonX arrive at the bar, xWant, relax himself) into QA pairs. The triple is conceptualized first,
and potential distractor triples are sampled and filtered by keyword and concept overlap. Only

those triples that have no overlap are used as distractors.

to train a generative conceptualizer for acquiring 𝐷𝐶 .
AbstractATOMIC conceptualizes ATOMIC by identifying instances 𝑖 ∈ ℎ via syntactic

parsing and replacing it with concept 𝑐 that is heuristically matched from Probase [62] and
WordNet [57] to form a conceptualized head event ℎ𝑐 . Abstract commonsense knowledge, in
the form of (ℎ𝑐, 𝑟, 𝑡) triple, is collected by connecting the conceptualized head event ℎ𝑐 with its
non-abstract counterparts (𝑟, 𝑡) from ATOMIC. Human annotations are then conducted to verify
the plausibility of the matched conceptualizations and collected abstract knowledge triples. In
this chapter, we only use the plausible ones and abandon the implausible counterparts.

5.3.3 Evaluation Benchmarks

We evaluate our framework on the validation split of five commonsense QA benchmarks: Ab-
ductive NLI (aNLI; [190]), CommonsenseQA (CSQA; [21]), PhysicalIQA (PIQA; [114]), So-
cialIQA (SIQA; [80]), and WinoGrande (WG; [191]). These manually constructed benchmarks
evaluate various knowledge types essential for robust commonsense reasoning [37].

5.4 The CAR Framework
This section introduces our proposed CAR framework. A general sketch is presented in Fig-
ure 5.3. Our framework can be summarized into three steps: (1) Conduct one-step conceptu-
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alization inference on existing triples in the CSKB to obtain abstract commonsense knowledge
triples. (2) Transfer the triples into QA pairs and generate distractors using keywords and con-
ceptualizations as constraints. (3) Train the QA model using marginal ranking loss.

5.4.1 Conceptualization Augmentation

To incorporate abstract knowledge into the CSKB, we begin by augmenting the (ℎ, 𝑟, 𝑡) ∈ 𝐷
triples by conducting a one-step conceptualization inference. Initially, given a head event ℎ,
we retrieve all plausible conceptualizations 𝐶ℎ = {𝑐𝑖1,1, 𝑐𝑖1,2, ...} for all identified instances𝑖 ∈ {𝑖1, 𝑖2, ...|𝑖 ∈ ℎ} using entity-linking heuristics to retrieve concepts from Probase [62] and
WordNet [57]. The conceptualized head event ℎ𝑐 is then obtained by replacing an 𝑖 ∈ ℎ with one
of its retrieved conceptualization 𝑐 ∈ {𝑐𝑖,1, 𝑐𝑖,2, ...}. This is done for all identified instances and
their retrieved conceptualizations, thereby constructing the set of conceptualized head events ofℎ. Subsequently, we link the non-abstract counterpart (𝑟, 𝑡) after ℎ𝑐 to generate candidate ab-
stract knowledge triples (ℎ𝑐, 𝑟, 𝑡), where we adopt a discriminator trained with a semi-supervised
conceptualization-instantiation framework to determine their plausibility [85]. Only plausible
triples are kept to form 𝐷𝐶 .

Why abstract knowledge augmentation is preferable to direct instance-level augmentation.
An important design choice in CAR is to augment the training resource with conceptualized
knowledge rather than only adding more instance-level world knowledge. The main reason is
that direct augmentation at the instance level often increases data volume without substantially
improving the model’s access to reusable structure. Additional concrete triples may enrich lex-
ical coverage, but they also tend to preserve the same sparsity problem: semantically related
situations remain distributed across many surface forms, and the model must relearn a similar
regularity separately for each phrasing or entity combination. As a result, direct augmentation
can improve memorization while offering only limited gains in systematic transfer.

By contrast, abstract knowledge augmentation changes the granularity of supervision. When
multiple concrete events are lifted into a shared conceptual representation, the common inferen-
tial pattern becomes explicit and can be reused across a broader family of situations. This helps
the reasoning model focus on what should remain invariant under substitution, paraphrase, or
modest distribution shift. For example, different leisure-related events may map to a concept
such as relaxing event, making the associated consequences easier to learn as a stable pattern
rather than as a collection of disconnected facts. In this sense, conceptualization acts as a form
of structural compression: it reduces redundancy among related examples while making higher-
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level regularities more visible to the learner.
This does not mean that abstract knowledge should replace all instance-level knowledge.

Instance-level supervision remains necessary for grounding, contextual specificity, and lexical
realization. The advantage of abstract augmentation is instead that it complements concrete
knowledge with a more transferable layer of supervision. In the framework of this thesis, the
strongest setting is not “abstract only” but rather a lift-and-ground combination, where concept-
level knowledge provides generalizable structure and instance-level knowledge preserves con-
textual faithfulness. This is precisely why conceptualization-based augmentation is especially
effective for robustness-oriented tasks such as commonsense question answering: the model
is encouraged to learn not only which answer is correct in one particular case, but also which
underlying conceptual regularity makes that answer correct across related cases.

Furthermore, analysis experiments in Section 5.6.1 also support that conceptualization is a
better augmentation paradigm compared to several prior knowledge-level augmentation base-
lines.

5.4.2 Concept-Constrained QA Synthesis

To synthesize a commonsense triple (ℎ, 𝑟, 𝑡) into a (𝑄𝑖, 𝐴𝑖) pair, we first transfer ℎ, 𝑟 into 𝑄𝑖 by
using natural language templates and set 𝑡 as the ground-truth answer 𝐴1. For example, the triple
in Figure 5.3 becomes “PersonX arrives at the bar, what does PersonX want to do?” with the
answer being “relax himself.” Additional distractors are generated by transforming sampled dis-
tractor triples from the original CSKB, where only triples with the same commonsense relation𝑟 are sampled to ensure informativeness. To prevent sampling false negative options, we con-
strain sampling distractor knowledge by filtering keywords and conceptualizations. Formally,
denote the keywords of a head event ℎ as 𝑇ℎ = {𝑡1, 𝑡2, ⋯} and the full set of plausible con-
ceptualizations for all identified instances in ℎ as 𝐶ℎ = {𝑐𝑖1,1, 𝑐𝑖1,2, ⋯ , 𝑐𝑖2,1, ⋯}, we associate a
triple (ℎ, 𝑟, 𝑡) with 𝑇ℎ +𝐶ℎ to form its constraint. Only knowledge triple (ℎ′, 𝑟, 𝑡′) which satisfies(𝑇ℎ′ + 𝐶ℎ′) ∩ (𝑇ℎ + 𝐶ℎ) = ∅ can be sampled as a distractor candidate. This constraint requires
that the two triples have no common keywords, and their instances cannot be abstracted into
the same conceptualization. For example, in Figure 5.3, “(PersonX is at the casino, xWant,
have a drink)” cannot be used as a distractor triple because “casino” can be conceptualized as
“entertainment place,” which is the same as “bar” in the original triple. Finally, we sample
two distractor triples for the triple (ℎ, 𝑟, 𝑡) and use the tails of these two triples as the distrac-
tors. To guarantee that the abstract commonsense knowledge from our previous augmentation is
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learnable by the QA model, we synthesize both the original triple (ℎ, 𝑟, 𝑡) and its conceptualized
versions (ℎ𝑐, 𝑟, 𝑡) into QA pairs.

5.4.3 Model Training

We train our QA model by fine-tuning a pre-trained Masked Language Model (MLM) using
the Marginal Ranking (MR) loss. Let 𝐶 represent the original context (if any), 𝑄 represent the
question, and (𝐴1, 𝐴2, ...) be the list of options. We first concatenate 𝐶 , 𝑄, and an answer option𝐴𝑖 together via natural language prompts to generate input sequences (𝑇1, 𝑇2, ...). For example,
the synthesized question with its correct answer in Figure 5.3 will be transformed as: “PersonX
arrives at the bar, as a result, PersonX want to, relax himself.” We then repeatedly mask out a
token at one time and calculate the masked loss. The final MLM score for an input sequence𝑇 ∈ {𝑇1, 𝑇2, ...} with 𝑛 tokens is:

𝒮(𝑇 ) = −1𝑛
𝑛

∑𝑖=1 log 𝑃 (𝑡𝑖|..., 𝑡𝑖−1, 𝑡𝑖+1, ...) (5.1)

After calculating the scores 𝑆1, 𝑆2, ... for all answer candidates 𝐴1, 𝐴2, ..., we compute the
marginal ranking loss based on Equation 5.2, where 𝜂 represents the margin and 𝑦 is the index
of the correct answer. ℒ = 1𝑚

𝑚
∑𝑖=1,𝑖≠𝑦 max(0, 𝜂 − 𝑆𝑦 + 𝑆𝑖) (5.2)

During the evaluation phase, we use the same scoring procedure to assign a score to each
option and select the one whose concatenated sentence achieves the lowest score as the model’s
prediction.

5.5 Experiments

5.5.1 Setup

Baselines First, we use random voting (Random) and most-frequent labeling (Majority) to
demonstrate the characteristics of each benchmark. Vanilla RoBERTa-Large [75], and DeBERTa-
v3-Large [77] PLMs are used to demonstrate the power of fine-tuning. The performances of these
two models under a supervised training regime are also included to show the upper bound of our
results. We also include the results of several existing approaches that tackle the same task,
including Self-talk [27], COMET-DynaGen [29], SMLM [34], MICO [36], and the previous
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Augmentation Div↑ Exp.Div↑ Plau.↑ %F.Neg.↓ aNLI CSQA PIQA SIQA WG
N/A (Baseline) N/A N/A 88.0 45.7 76.0 67.0 78.0 62.1 76.0
EDA [185] 8.10 4.67 9.33 33.0 76.5 65.6 76.6 61.4 74.9
Word2Vec [186] 11.8 4.00 9.00 55.0 74.3 65.8 75.1 62.9 74.7
GLOVE [186] 8.21 6.67 4.67 44.3 74.7 64.2 74.6 61.1 74.4
BERT-base [198] 0.81 8.33 14.3 41.7 70.4 63.9 72.4 63.5 61.0
Synonym [187] 6.92 11.0 5.67 45.0 75.5 64.9 74.5 62.5 75.7
GPT3-distil [42] 35.6 24.3 95.7 42.7 75.4 71.8 75.6 63.4 76.0
Conceptualization (Ours) 48.5 37.0 90.0 22.7 79.6 69.3 78.6 64.0 78.2

Table 5.1: Comparison results (%) of different augmentation methods against conceptualiza-
tion. N/A stands for not using any augmentation. Plau. is the expert-evaluated ratio of plausible
augmented knowledge, %F.Neg. represents the expert-annotated proportion of false negative
options. Div. and Exp.Div. are diversities measured by embedding similarity and expert an-
notated knowledge coverage. Performances on the right refer to accuracies achieved by the QA

model trained on data augmented by each method. The best performances are bold-faced.

state-of-the-art STL-Adapter [37]. Most importantly, we compare our framework with previ-
ous baseline [35] to validate the efficacy of conceptualization since both methods share similar
model architecture and training procedures. Both RoBERTa-Large and DeBERTa-v3-Large are
used as the backbones for fair comparisons. There are, in total, 534,833 synthetic QA pairs [35].

With the recent advances in Large Langauge Models (LLMs) [192–194], we also benchmark
the performances of GPT3.5 [32] and ChatGPT [40] as baselines. We prompt the LLM directly
in a zero-shot setting, where no in-context learning [195] or chain-of-thought reasoning [196]
are applied. For every QA entry, the LLM is presented with a question, several choices, and a
natural language command that asks it to choose the index of the correct answer directly [197].
We then parse the generated outputs to obtain the “predictions” of LLM by using meticulously
designed rules and compare them with the ground-truth labels. With this approach, we ensure
that the input given to LLMs is mostly identical to that provided to models trained within our
framework.

Implementation Details We use accuracy as the evaluation metric and compare our frame-
work with the following baseline methods. For conceptualization, we leverage an off-the-shelf
conceptualizer [85], which is a semi-supervised conceptualization discriminator fine-tuned on
labeled conceptualization data from AbstractATOMIC and unlabeled data from ATOMIC. We
use a plausibility score 𝑇 = 0.9 to filter out plausible conceptualizations, which results in 440K
conceptualization-aided synthetic QA pairs for training. We employ an AdamW optimizer [199]
with a learning rate of 7e-6 and a max sequence length of 128 to accommodate QA pairs with
different lengths. We select the best checkpoint according to the highest accuracy achieved on
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the synthetic validation QA set. Each experiment is repeated using three different random seeds,
and the average performance is reported. The model is warmed up with 5% of total iterations
and evaluated every 1000 global steps, while the margin 𝜂 for the marginal ranking loss is set to
1.

5.5.2 Results

The main results are reported in Table 5.5. For the baselines, DeBERTa-v3-Large (MR) trained
on ATOMIC achieves the best performance, followed by ChatGPT. Both achieve an accuracy of
more than 70% on average. Our best system, based on DeBERTa-v3-Large and trained on our
conceptualization-augmented ATOMIC, achieves state-of-the-art results and significantly out-
performs all PLM-based baselines on every benchmark, and can advance the average accuracy
by 2.1% compared with the same baseline model. It also significantly surpasses the performance
of the same model that is trained on ATOMIC-10X with only 10% amount of data. Notably,
compared with LLMs, our system champions three benchmarks and performs better on aver-
age with a 3.7% leap. This indicates that supervision signals from CSKBs are important for
downstream applications, and CSKBs aided by conceptualization can significantly enhance this
process. Moreover, as an ablation, we study the role of concept-level distractor sampling by dis-
carding conceptualization augmentation and only training the models on ATOMIC, synthesized
to QA format with our proposed constraint technique. Comparing the results in Table 5.5, it
can be observed that the concept-level distractor sampling improves the average performance by
approximately 1.5%. This demonstrates that our proposed technique is effective, and generating
distractors with a stronger positive knowledge recall is helpful in synthesizing QA pairs that are
both fair and informative.

5.6 Analysis and Discussion
In this section, we study the effects of conceptualization and the reasons contributing to CAR’s
success. First, we conduct expert evaluations on the synthetic QA pairs to study the quality
and diversity of different CSKB augmentation methods in comparison with conceptualization.
Second, we conduct training dynamics [182] analysis to show that conceptualization-aided QA
pairs can provide more ambiguous examples helpful for training. Finally, we study the impact
of filtering ATOMIC-10X with different critic thresholds, the ablations of CAR, and the effect
of conceptualization from an out-of-domain generalization perspective.
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Figure 5.4: Analyses on training dynamics of different knowledge. The dotted lines refer to the
median values.

5.6.1 Comparisons with Data Augmentations

To demonstrate the effectiveness of our conceptualization-based augmentation, we conduct com-
prehensive comparisons with alternative data augmentation methods that aim to expand the se-
mantic coverage of commonsense knowledge bases (CSKBs) in a manner analogous to concep-
tualization. We consider the following baselines: EDA, word-embedding-based substitutions
(Word2Vec [200] and GloVe [201]), contextual-embedding-based substitutions (BERT [74]),
and synonym-based substitutions (WordNet [57]). For fair comparison, for each ATOMIC triple
with head event ℎ, we only augment the identified instance token 𝑖 ∈ ℎ, and we generate the
same number of augmented siblings as the number of valid conceptualizations |𝐶ℎ|. In addition,
we include LLM-distilled knowledge from ATOMIC-10X [42] as another baseline augmenta-
tion source by randomly sampling a matched number of triples from ATOMIC-10X and merging
them into ATOMIC (details in Section 5.6.2).

We analyze these augmentation methods along three dimensions: (i) diversity of augmented
knowledge, (ii) quality of synthesized QA pairs, and (iii) zero-shot commonsense QA perfor-
mance. We recruit three expert annotators (undergraduate or graduate students actively involved
in commonsense research). They exhibit strong agreement, with an inter-annotator agreement of
83% in pairwise agreement and a Fleiss’ Kappa [202] of 0.64, comparable to the 0.62 reported
in prior work [35].

Diversity. We first study whether each augmentation method introduces knowledge that is
meaningfully new relative to the original training set. For each ATOMIC triple, we compute the
average cosine similarity between the triple and its augmented siblings using SentenceBERT em-
beddings [203]. For ATOMIC-10X, we treat the sampled triples as augmentations. We define
the complement of the average similarity (aggregated over all triples) as an automatic diversity
score (Div.). In parallel, we retrieve the top-10 most similar ATOMIC triples for each augmented
triple (by SentenceBERT similarity) and ask experts to judge whether the augmented triple is
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semantically covered by those retrievals. We define expert-evaluated diversity as the ratio of
uncovered triples among 300 samples. As shown in Table 5.1, conceptualization achieves the
best performance on both diversity metrics, indicating that the induced abstract knowledge is
diverse and largely absent from existing CSKBs, thereby expanding coverage.

Quality of Synthetic QA Pairs. Next, we transform augmented triples into synthetic QA pairs,
using the head-event keywords as constraints and the augmented knowledge as the target com-
monsense signal. We sample 300 QA pairs per method and ask the same experts to annotate (i)
whether the ground-truth answer is correct and (ii) whether distractors are also plausible given
the augmented head event (i.e., whether they form false-negative distractors). These annotations
measure the plausibility ratio of augmented knowledge and the proportion of QA pairs con-
taining false-negative distractors. Table 5.1 shows that many baseline augmentations produce
implausible knowledge and do not effectively improve distractor quality. In contrast, concep-
tualization remains highly plausible and substantially reduces false-negative distractors. Expert
annotators reach 86% accuracy on 300 randomly sampled QA pairs, exceeding the 80% reported
by the baseline QA synthesis pipeline [35].

Zero-shot Commonsense QA Performance. Finally, we train DeBERTa-v3-Large models
on QA pairs synthesized from the union of original ATOMIC and augmented triples produced
by each method. We use only the head-event keywords as constraints. Models are trained with
the marginal ranking loss (Section 5.4.3) and evaluated in a zero-shot manner on five common-
sense QA benchmarks. Results in Table 5.1 show that conceptualization outperforms all other
augmentation methods on average and consistently improves zero-shot commonsense reasoning.

Comparison with ATOMIC-10X (augmentation view). ATOMIC-10X contains a large amount
of machine-distilled commonsense knowledge, and therefore appears promising as an augmen-
tation source. However, despite its scale and apparent diversity, Table 5.1 shows that models
trained with ATOMIC-10X augmentation do not reliably improve. A plausible explanation is
the prevalence of false-negative distractors induced by overly general and versatile tail events
distilled from GPT-3, which can apply to many heads and thus confound the ranking-based ob-
jective.
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5.6.2 ATOMIC-10X Usage and Additional Experiments

ATOMIC-10X is a machine-generated corpus developed by [42] via symbolic knowledge dis-
tillation from large language models such as GPT-3 [32]. In brief, GPT-3 is prompted with
ATOMIC-style head events and relations to generate tail events; a student model is trained to
produce symbolic graphs, and a critic model is used to score and filter generated knowledge.
ATOMIC-10X substantially increases scale relative to human-curated ATOMIC2020 [129].

We use ATOMIC-10X in two scenarios and additionally study the effect of critic-threshold
filtering.

Scenario I: training solely on ATOMIC-10X. We train QA models using only ATOMIC-
10X (without integrating ATOMIC or AbstractATOMIC), following the original ATOMIC-10X
train/dev/test splits. We synthesize QA pairs using the same pipeline as [35]. For each triple,
we extract head-event keywords by lemmatizing tokens and removing common subjects, prepo-
sitions, and stopwords. To control knowledge quality, we filter ATOMIC-10X with multiple
critic thresholds (0.9, 0.8, 0.7, 0.5), and we also include training on the unfiltered set. We then
evaluate the resulting QA models on five zero-shot commonsense QA benchmarks (Table 5.4).
Overall, even with high critic thresholds, training on ATOMIC-10X does not yield consistent
improvements beyond marginal gains, and it typically fails to surpass training on ATOMIC. This
suggests that performance is not determined by raw scale alone, but rather by the diversity and
reliability of knowledge; in this regard, human-annotated ATOMIC remains competitive.

Scenario II: augmenting ATOMIC with ATOMIC-10X. We also use ATOMIC-10X as
an augmentation source for ATOMIC, matching the number of sampled ATOMIC-10X triples
to the total number of plausible abstract commonsense triples in AbstractATOMIC. We filter
ATOMIC-10X with critic thresholds (0.9, 0.8, 0.7, 0.5) before sampling, merge the sampled
triples into ATOMIC, and synthesize QA pairs from the combined pool. In this setting, distrac-
tors may originate from both ATOMIC and ATOMIC-10X. We train and evaluate QA models
as above; the best ATOMIC-10X augmentation configuration (DeBERTa-v3-Large with a critic
threshold of 0.8) is the variant reported in Table 5.1, and full results are reported in Table 5.4.
We find that ATOMIC-10X can occasionally improve a particular benchmark, but it does not re-
liably improve the average performance across benchmarks, which we treat as a closer proxy
for generalizable commonsense reasoning. A likely reason is that ATOMIC-10X may con-
tain noise that is not beneficial for zero-shot commonsense QA, consistent with observations
in prior work [204]. In contrast, conceptualization resolves these issues and yields consistent
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gains across benchmarks.

5.6.3 Training Dynamics Analysis

Training dynamics provide a lens into a model’s confidence and variability for individual training
instances when learning from large-scale data. In the context of QA, we interpret confidence as
the model’s certainty in ranking the ground-truth option above distractors, and variability as
the fluctuation of this confidence over training time. Such signals help explain how different
knowledge sources affect optimization and generalization.

In this section, we examine the impact of abstract commonsense knowledge (conceptualiza-
tion) versus GPT-3-distilled knowledge (ATOMIC-10X) through training dynamics on two sets
of data. We train three QA models on synthetic QA pairs from (i) conceptualization-augmented
ATOMIC, (ii) ATOMIC-10X-augmented ATOMIC, and (iii) the original ATOMIC (baseline).

Dynamics on the same ATOMIC QA pairs (optimization effect). We randomly select 1,000
QA pairs synthesized from the original ATOMIC and compute their training dynamics under all
three models. As shown on the left of Figure 5.4, conceptualization augmentation reduces the
average variability while increasing confidence on these ATOMIC instances, suggesting that
abstract knowledge can make the original ATOMIC knowledge easier to learn. In contrast,
ATOMIC-10X augmentation exhibits the opposite trend, indicating potential interference during
learning.

Dynamics on abstract vs. ATOMIC-10X knowledge (generalization-oriented effect). We
also compute training dynamics on 1,000 QA pairs synthesized from abstract knowledge (con-
ceptualizations) and another 1,000 from ATOMIC-10X. The rightmost plots in Figure 5.4 show
that, compared to ATOMIC-10X, abstract knowledge tends to be more ambiguous: it induces
higher variability and lower confidence. Prior work on data maps [182] suggests that such
ambiguous instances contribute disproportionately to out-of-distribution (OOD) generalization.
Consistent with this hypothesis, we observe that conceptualization is superior to ATOMIC-10X:
it both aids optimization on original ATOMIC knowledge and injects ambiguity that is beneficial
for downstream OOD benchmarks.

Training-dynamic definitions (adapted to marginal ranking loss). Training dynamics were
introduced by [182] to analyze a model’s per-instance behavior via confidence and variability
over epochs. Because our QA models are trained with marginal ranking loss (Section 5.4.3),
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Figure 5.5: The change of training dynamics on various commonsense QA benchmarks by
a DeBERTa-v3-Large model trained on abstract commonsense knowledge injected ATOMIC

(ours) compared with the one trained only on ATOMIC [35].

they do not directly output class probabilities. Instead, we define confidence using the model’s
score gap between the ground-truth option and distractors.

Let 𝑛 be the number of saved checkpoints within an epoch, and let a QA instance be (𝑄𝑖, 𝐴𝑖)
with 𝑚 options 𝐴𝑖 = {𝐴𝑖,1, … , 𝐴𝑖,𝑚} where the ground-truth option is 𝐴𝑖,𝑗 . Let 𝑆𝑐𝑖,𝑑 be the model
score for option 𝐴𝑖,𝑑 at checkpoint 𝑐, and let 𝜎(⋅) be the sigmoid function. We define confidence
as: 𝒞(𝑄𝑖, 𝐴𝑖) = 1𝑛

𝑛
∑𝑐=1 𝜎⎛⎜⎜⎝

1𝑚 − 1 ∑𝑑≠𝑗 (𝑆𝑐𝑖,𝑗 − 𝑆𝑐𝑖,𝑑)⎞⎟⎟⎠ . (5.3)

Intuitively, this quantity averages (over checkpoints) the mean score gap between the ground-
truth option and distractors; a larger gap implies higher confidence in ranking the correct answer
above distractors.

Variability follows [182] and is computed as the standard deviation of the (sigmoid-transformed)
score-gap signal across checkpoints:

𝒱(𝑄𝑖, 𝐴𝑖) =
√√√√
⎷

1𝑛
𝑛

∑𝑐=1
⎛⎜⎜⎝𝜎⎛⎜⎜⎝

1𝑚 − 1 ∑𝑑≠𝑗 (𝑆𝑐𝑖,𝑗 − 𝑆𝑐𝑖,𝑑)⎞⎟⎟⎠ − 𝒞(𝑄𝑖, 𝐴𝑖)⎞⎟⎟⎠
2. (5.4)

Revisiting Figure 5.4 with these definitions, we find that injecting abstract commonsense
knowledge increases confidence and reduces variability on ATOMIC instances, whereas ATOMIC-
10X induces a reversed trend. Moreover, abstract knowledge is more ambiguous (higher vari-
ability, lower confidence) than ATOMIC-10X, aligning with the hypothesis that ambiguity con-
tributes to better OOD generalization [182]. We additionally plot training-dynamics changes on
downstream QA benchmarks (Figure 5.5) and observe that abstract knowledge increases model
confidence on these benchmarks, providing further evidence for improved generalization.
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Models aNLI CSQA PIQA SIQA WG
CAR (RoBERTa) 72.7 66.3 73.2 64.0 62.0⋄ w/o CA 72.3 64.8 73.2 64.8 61.3⋄ w/o CCQS 71.5 67.3 72.1 61.8 62.7

CAR (DeBERTa) 79.6 69.3 78.6 64.0 78.2⋄ w/o CA 78.9 67.2 78.6 63.8 78.1⋄ w/o CCQS 78.2 68.1 78.1 63.5 78.3

Table 5.2: Ablation study on two components of CAR. CA stands for Conceptualization Aug-
mentation, and CCQS stands for Concept-Constrained QA Synthesis. The following five

columns denote the accuracy (%) on each benchmark.

5.6.4 Ablation Study

We ablate two critical components of the CAR framework relative to traditional zero-shot QA
systems [35]:• Conceptualization Augmentation (CA): We augment the original CSKB with conceptu-
alizations to derive abstract commonsense knowledge, and synthesize QA pairs from this aug-
mented CSKB. Without CA, abstract knowledge is not incorporated; conceptualizations are only
used as constraints during QA synthesis, resembling applying our QA synthesis protocol directly
to ATOMIC.• Concept-Constrained QA Synthesis (CCQS): We constrain distractor generation by re-
quiring that distractors’ head events share neither keywords nor conceptualizations with the ques-
tion. Without CCQS, the constraint is weakened to keyword-only exclusion, which can introduce
more false-negative distractors.

We train RoBERTa-Large and DeBERTa-v3-Large models while dropping one component at
a time. Results in Table 5.2 show that both components matter, with CCQS contributing more on
average, highlighting the importance of eliminating false-negative distractors and demonstrating
that conceptualization is effective for achieving this goal.

5.6.5 The Effect of Conceptualization on Generalization

Finally, we examine whether conceptualization particularly helps on benchmark questions that
are semantically distant from the ATOMIC training set. For each benchmark, we compute the
average BERTScore [168] between each question and the ATOMIC training split, and we split
questions into “Difficult” (low semantic overlap) and “Easy” (high overlap). We then compare
two QA models trained following [35]: one trained on conceptualization-augmented ATOMIC

60



Figure 5.6: Comparison of accuracy improvement (%) with/without conceptualization-
augmentation for two groups of QA entries across five benchmarks. Avg. stands for averaging

across all benchmarks.

and the other trained on ATOMIC only. Figure 5.6 shows that conceptualization yields larger
gains on semantically distant questions across multiple benchmarks, indicating improved gen-
eralizability to out-of-distribution queries.

5.6.6 Generalization to Other CSKBs

While our main experiments use AbstractATOMIC as the conceptualization source for ATOMIC,
we also evaluate whether CAR transfers to other CSKBs. Following [35], we experiment on
CWWV, a dataset that combines multiple CSKBs including ConceptNet [58], WordNet [57],
and Wikidata [205]. We use two flexible generative conceptualizers: (i) a GPT-2-based concep-
tualization generator [91] and (ii) ChatGPT [40]. Generated conceptualizations are converted
into abstract knowledge and integrated into CWWV, producing an augmented CSKB used to
train a zero-shot commonsense QA reasoner under CAR.

Table 5.3 shows a modest but consistent improvement (about 1% on average) over baselines
that leverage CWWV, demonstrating that CAR can incorporate conceptualizations from other
CSKBs and transfer beyond ATOMIC. In future work, it would be valuable to explore automatic
construction of conceptualization resources for additional CSKBs and further investigate their
benefits for general commonsense reasoning.
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Model CSKB a-NLI CSQA PIQA SIQA WG Avg.

RoBERTa-L (MR) [35] CWWV 70.0 67.9 72.0 54.8 59.4 64.8
MTL [37] CWWV 69.6 67.3 72.5 52.0 57.2 63.7
ZS-Fusion [37] CWWV 69.6 67.6 73.1 53.7 59.5 64.7
CAR-RoBERTa-L (Ours) CWWV𝐶 71.6 68.4 73.0 55.4 60.6 65.8

GPT-3.5 (text-davinci-003) N/A 61.8 68.9 67.8 68.0 60.7 65.4
ChatGPT (gpt-3.5-turbo) N/A 69.3 74.5 75.1 69.5 62.8 70.2

Table 5.3: Zero-shot evaluation results (%) on five commonsense question answering bench-
marks by models trained on the CWWV dataset. CWWV𝐶 refers to the augmented CWWV

dataset using generated conceptualizations from a trained GPT2 generator and ChatGPT.

5.7 Conclusions
In this chapter, we present CAR, a pioneering framework for zero-shot commonsense QA em-
powered by conceptualization. Our approach surpasses even large language models on five QA
benchmarks, achieving state-of-the-art performance on average. Our analyses reveal that con-
ceptualization can improve the sampling of negative examples, and abstract knowledge is more
helpful compared with those distilled from GPT3 as it provides more ambiguous knowledge to
support OOD generalization. These findings demonstrate the substantial benefits of introducing
conceptualization and abstract knowledge into zero-shot commonsense reasoning. This chap-
ter underscores the critical role of conceptualization in achieving generalizable commonsense
reasoning, setting the stage for further advancements in this field.
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Model CSKB Critic a-NLI CSQA PIQA SIQA WG Avg.
Backbone: RoBERTa-Large 340M

RoBERTa-L (MR) ATOMIC N/A 70.8 64.2 72.1 63.1 59.2 65.9
RoBERTa-L (MR) ATM-10X 0.9 69.6 58.1 72.3 58.3 57.2 63.1
RoBERTa-L (MR) ATM-10X 0.8 70.1 58.9 71.5 58.2 57.7 63.3
RoBERTa-L (MR) ATM-10X 0.7 70.8 59.4 72.1 58.5 58.3 63.8
RoBERTa-L (MR) ATM-10X 0.5 68.7 56.8 71.7 58.4 60.1 63.1
RoBERTa-L (MR) ATM-10X 0.0 70.7 58.3 71.7 58.2 57.5 63.3
RoBERTa-L (MR) ATMATM-10X 0.9 71.7 66.3 73.2 62.8 60.7 66.9
RoBERTa-L (MR) ATMATM-10X 0.8 71.8 66.0 73.2 61.7 59.5 66.4
RoBERTa-L (MR) ATMATM-10X 0.7 71.6 65.6 72.9 62.2 59.8 66.4
RoBERTa-L (MR) ATMATM-10X 0.5 72.0 65.4 72.9 62.0 60.5 66.6
RoBERTa-L (MR) ATMATM-10X 0.0 71.6 66.3 73.3 62.9 61.0 67.0
CAR-RoBERTa-L (Ours) ATOMIC N/A 72.3 64.8 73.2 64.8 61.3 67.3
CAR-RoBERTa-L (Ours) ATM𝐶 N/A 72.7 66.3 73.2 64.0 62.0 67.6
Backbone: DeBERTa-v3-Large 435M

DeBERTa-v3-L (MR) ATOMIC N/A 76.0 67.0 78.0 62.1 76.0 71.8
DeBERTa-v3-L (MR) ATM-10X 0.9 74.5 70.8 78.9 59.7 72.2 71.2
DeBERTa-v3-L (MR) ATM-10X 0.8 74.2 70.6 79.5 59.2 70.7 70.8
DeBERTa-v3-L (MR) ATM-10X 0.7 74.6 69.9 79.3 60.0 70.2 70.8
DeBERTa-v3-L (MR) ATM-10X 0.5 74.1 70.4 78.8 58.9 70.1 70.5
DeBERTa-v3-L (MR) ATM-10X 0.0 75.1 71.6 79.0 59.7 71.7 71.4
DeBERTa-v3-L (MR) ATMATM-10X 0.9 75.4 71.3 73.4 61.7 75.3 71.4
DeBERTa-v3-L (MR) ATMATM-10X 0.8 75.4 71.8 75.6 63.4 76.0 72.4
DeBERTa-v3-L (MR) ATMATM-10X 0.7 74.9 71.2 77.4 61.8 76.2 72.3
DeBERTa-v3-L (MR) ATMATM-10X 0.5 74.8 71.2 77.1 61.7 75.7 72.1
DeBERTa-v3-L (MR) ATMATM-10X 0.0 76.2 71.0 75.8 62.8 75.8 72.3
CAR-DeBERTa-v3-L (Ours) ATOMIC N/A 78.9 67.2 78.6 63.8 78.1 73.3
CAR-DeBERTa-v3-L (Ours) ATM𝐶 N/A 79.6 69.3 78.6 64.0 78.2 73.9
Large Language Models
GPT-3.5 (text-davinci-003) N/A N/A 61.8 68.9 67.8 68.0 60.7 65.4
ChatGPT (gpt-3.5-turbo) N/A N/A 69.3 74.5 75.1 69.5 62.8 70.2

Table 5.4: Zero-shot evaluation results (%) on five commonsense question answering bench-
marks using different critic thresholds for filtering ATOMIC-10X. The best results are bold-
faced, and the second-best ones are underlined. ATM𝐶 stands for the ATOMIC with abstract
commonsense knowledge injected. ATM-10X stands for using ATOMIC-10X [42] as the source
CSKB 𝐷. ATMATM-10X indicates the ATOMIC with sampled knowledge from ATOMIC-10X
injected. Critic indicates the lower bound for filtering knowledge from ATOMIC-10X, which

means that only knowledge with a critic score above the threshold will be selected.
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Model CSKB a-NLI CSQA PIQA SIQA WG Avg.
Random - 50.0 20.0 50.0 33.3 50.0 40.7
Majority - 50.8 20.9 50.5 33.6 50.4 41.2
GPT2-L [91] - 56.5 41.4 68.9 44.6 53.2 52.9
RoBERTa-L [75] - 65.5 45.0 67.6 47.3 57.5 56.6
DeBERTa-v3-L [77] - 59.9 25.4 44.8 47.8 50.3 45.6
Self-talk [27] - - 32.4 70.2 46.2 54.7 -
COMET-DynGen [29] ATOMIC - - - 50.1 - -
SMLM [34] * 65.3 38.8 - 48.5 - -
Backbone: RoBERTa-Large 340M

RoBERTa-L (Vanilla) [75] - 65.5 45.0 67.6 47.3 57.5 56.6
MICO [36] ATOMIC - 44.2 - 56.0 - -
RoBERTa-L (MR) [35] ATM10𝑋 70.8 64.2 71.7 61.0 60.7 65.7
RoBERTa-L (MR) [35] ATOMIC 70.8 64.2 72.1 63.1 59.2 65.9
RoBERTa-L (MR) [35] CWWV 70.0 67.9 72.0 54.8 59.4 64.8
RoBERTa-L (MR) [35] CSKG 70.5 67.4 72.4 63.2 60.9 66.8
STL-PLM [37] ATOMIC 71.6 64.0 72.2 63.2 60.5 66.3
MTL [37] CWWV 69.6 67.3 72.5 52.0 57.2 63.7
MTL [37] CSKG 69.8 67.1 72.0 61.9 59.3 66.0
STL-Adapter [37] ATOMIC 71.3 66.5 71.1 64.4 60.3 66.7
STL-Adapter [37] CSKG 71.5 66.7 72.1 64.7 59.0 66.8
ZS-Fusion [37] CWWV 69.6 67.6 73.1 53.7 59.5 64.7
ZS-Fusion [37] CSKG 72.4 68.3 73.0 66.7 60.9 68.3
MKIF [39] CSKG 72.5 71.0 73.1 - 61.0 -
CAR-RoBERTa-L (Ours) ATOMIC 72.3 64.8 73.2 64.8 61.3 67.3
CAR-RoBERTa-L (Ours) ATM𝐶 72.7 66.3 73.2 64.0 62.0 67.6
Backbone: DeBERTa-v3-Large 435M

DeBERTa-v3-L (MR) [35] ATM10𝑋 74.0 65.4 73.8 59.5 73.9 69.3
DeBERTa-v3-L (MR) [35] ATOMIC 76.0 67.0 78.0 62.1 76.0 71.8
CAR-DeBERTa-v3-L (Ours) ATOMIC 78.9 67.2 78.6 63.8 78.1 73.3
CAR-DeBERTa-v3-L (Ours) ATM𝐶 79.6 69.3 78.6 64.0 78.2 73.9
Large Language Models
GPT-3.5 (text-davinci-003) - 61.8 68.9 67.8 68.0 60.7 65.4
ChatGPT (gpt-3.5-turbo) - 69.3 74.5 75.1 69.5 62.8 70.2
Supervised Learning & Human Performance
RoBERTa-L (Supervised) - 85.6 78.5 79.2 76.6 79.3 79.8
DeBERTa-v3-L (Supervised) - 89.0 82.1 84.5 80.1 84.1 84.0
Human Performance - 91.4 88.9 94.9 86.9 94.1 91.2

Table 5.5: Zero-shot evaluation results (%) on five commonsense question answering bench-
marks with baselines trained on multiple CSKBs. The best results are bold-faced, and the
second-best ones are underlined. ATM𝐶 stands for the ATOMIC with abstract commonsense
knowledge injected and ATM10𝑋 stands for ATOMIC-10X [42]. All baseline results are con-
sistent with their original papers. CWWV refers to the combination of ConceptNet [58], Visu-
alGenome [206], WikiData [205], and WordNet [57]. CSKG [207] consists of ATOMIC [128]

and CWWV.
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CHAPTER 6

SCALABLE CONCEPTUALIZATION DISTILLATION
FOR INFINITE COMMONSENSE KNOWLEDGE

ACQUISITION

The previous chapters positioned conceptualization as a unifying lens for generalizable com-
monsense reasoning and progressively made that lens operational. At a high level, we cast com-
monsense reasoning as a lift-and-ground loop: lift concrete events to concepts to expose reusable
regularities, then ground those concepts back into concrete contexts where they can support in-
ference. Methodologically, we asked two questions: (i) can this loop be learned at scale under
scarce supervision while remaining contextualized? and (ii) does conceptualization materially
improve downstream reasoning within realistic pipelines? CAT addressed (i) by jointly model-
ing conceptualization and instantiation in a semi-supervised pipeline, learning plausibility-aware
operators from abundant unlabeled CSKB data. CAR addressed (ii) by showing that even a sin-
gle conceptualization step can improve robustness in zero-shot commonsense QA via coverage
expansion and reduced false-negative distractors.

This chapter asks the next question implied by those results: can we turn the conceptualization–
instantiation loop into a scalable knowledge acquisition primitive, rather than a one-off augmen-
tation? In principle, iterating the loop can extrapolate a relatively small CSKB into a richer space
of event variations and inferential consequences: conceptualization induces abstractions from a
concrete triple; instantiation proposes diverse grounded realizations; and the accepted realiza-
tions can be fed back as new inputs for further abstraction. In practice, two constraints dominate.
First, the chain must remain contextualized, since the validity of an abstraction or instantiation
depends on the original relational context. Second, it must be scalable, since naïvely verifying
multi-step expansions with human annotation is quickly prohibitive.

We therefore introduce CANDLE, a ConceptuAlization and INstantiation Distillation frame-
work from Large Language ModEls (LLMs). CANDLE uses strong LLM teachers to sequen-
tially generate contextualized conceptualizations and contextualized instantiations conditioned
on an original CSKB triple, applies critic models to filter low-quality generations, and re-injects
accepted instantiations back into the CSKB to enable iterative expansion. In this way, CANDLE
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PersonX enjoys 
exercising in the gym

PersonX enjoys 
[sports]

PersonX enjoys 
exercising in the 
[fitness facility]

[health 
lifestyle]

PersonX enjoys 
exercising in 

the [stadium]

PersonX enjoys 
[surfing]

PersonX enjoys 
[hiking]

[PersonX stays 
hydrated]

[PersonX 
avoid 

smoking]

[PersonX goes 
on a balanced 

diet]

stadium
↑

fitness facility

healthy lifestyle
↓

goes on a balanced diet

stay hydrated
↑

healthy lifestyle

healthy lifestyle
↓

avoid smoking

as a result, 
PersonX will: 
stay healthy

as a result, 
PersonX will: 

maintain physical 
well-being

Figure 6.1: Examples showing several chains of conceptualization and instantiation over the
event PersonX enjoys exercising in the gym. New inferential commonsense knowledge can be

induced when placing the instantiation back into the original context.

directly builds on CAT’s emphasis on contextualized plausibility and bidirectional modeling,
while extending CAR’s downstream motivation from “conceptualization helps” to “the full lift-
and-ground loop can be distilled and scaled” to produce large pools of high-quality abstract and
grounded commonsense knowledge for training and evaluation.

6.1 Introduction
Commonsense reasoning refers to the cognitive ability to make logical inferences and draw con-
clusions based on general knowledge and understanding of the world that is typically shared
among individuals [5, 7]. However, a longstanding challenge is generalizability, as common-
sense reasoning often necessitates applying knowledge to novel situations beyond simple pattern
recognition or memorizing all special cases [208, 209]. One promising approach to address this
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is the chain of conceptualization [103] and instantiation [134], which, akin to the process of con-
ceptual induction and deduction in human reasoning [108], involves conceptualizing instances
derived from known commonsense knowledge and subsequently instantiating these concepts in
new situations to obtain the knowledge required for downstream reasoning. For example, in
Figure 6.1, one can first conceptualize enjoys exercising in the gym as a healthy lifestyle, and
then further instantiate it to go on a balanced diet. This process allows for the derivation of a
novel event, PersonX goes on a balanced diet, which may entail new commonsense knowledge
when connected with the original event’s commonsense inferential tail. By possessing substan-
tial knowledge to initiate the process of conceptualization and instantiation, one can extrapolate
limited commonsense knowledge to a wide array of diverse scenarios.

Yet, replicating this fundamental ability on machines remains challenging due to the absence
of both types of knowledge in widely used CommonSense Knowledge Bases (CSKBs [24, 58,
128, 210]). Language models that are fine-tuned on these CSKBs are, therefore, unable to ef-
fectively utilize such a chain for reasoning during inference. To compensate, various methods
compensating the lack of conceptualization ability of language models have been proposed for
entity-level [68, 69, 88, 136–138] and event-level [78, 85, 139] conceptualizations by match-
ing against concept taxonomies like Probase [62] and WordNet [57]. Meanwhile, [135] address
instantiation through controllable generation. However, several limitations still persist.

Firstly, despite the importance of both conceptualization and instantiation, most existing
works underestimate the importance of the second step while focusing solely on conceptual-
ization and using the resulting abstract knowledge directly. Other studies that concentrate on
instantiations either overlook the conceptualization step entirely or only retrieve instances from
the original CSKB, failing to introduce novel entities and events. Secondly, most conceptualiza-
tion methods heavily depend on matching instances with concepts in concept taxonomies, such
as Probase and WordNet, which have a limited scope and lack contextual information. Con-
sequently, the derived conceptualizations are constrained in scale by these taxonomies and are
formulated without considering proper contextualization, necessitating further verification in the
original context. Lastly, the chain of conceptualization and instantiation can easily bring more
than two orders of magnitude of data on top of the original CSKB. However, current acquisi-
tion and verification methods for both steps heavily rely on human annotation, which can be
extremely costly as the scale of the CSKB increases.

To address these gaps, we introduce CANDLE, a ConceptuAlization and INstantiation Distillation
framework from Large Language ModEls (LLMs) to aid commonsense reasoning. Specifically,
CANDLE marks the first to complete the chain of conceptualization and instantiation by in-
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structing powerful LLMs to sequentially generate both types of knowledge based on concrete
commonsense triples while carefully considering the original context throughout the process.
We further alleviate the human annotation cost by employing two critic filtering models to elim-
inate low-quality generations. The instantiated knowledge, representing concrete commonsense
knowledge again, can be fed back into CANDLE as input, iteratively augmenting the original
CSKB significantly.

By applying CANDLE to ATOMIC [128], we construct a large-scale knowledge base com-
prising 6.18 million conceptualizations and instantiations from two powerful LLMs, ChatGPT [40]
and LLAMA2 [97]. We demonstrate the intrinsic efficacy of CANDLE through automatic and
human evaluations, highlighting the ability to generate high-quality and diverse knowledge (Sec-
tion 6.5.1). We further show the extrinsic benefits of CANDLE by leveraging the generated
knowledge as complementary training data to distill student models that yield improvements
across three downstream tasks, including CSKB conceptualization, generative commonsense
inference, and zero-shot commonsense question answering (Section 6.5.2).

6.2 Related Works

6.2.1 Conceptualization and Instantiation

Conceptualization aims to abstract a set of entities or events into a general concept, thereby form-
ing abstract commonsense knowledge within its original context [103]. Subsequently, instantia-
tion grounds the derived concept into other instances and events to introduce new commonsense
knowledge. Existing works primarily focused on entity-level conceptualization [68, 69, 88, 136,
142], with [78] pioneering the construction of an event conceptualization benchmark by extract-
ing concepts for social events from WordNet [57] synsets and Probase [62]. [85, 111] further
proposed a semi-supervised framework for conceptualizing CSKBs and demonstrated that ab-
stract knowledge can enhance commonsense inference modeling and question answering. [81]
constructed an abstraction benchmark based on eventualities from ASER [83]. Regarding in-
stantiation, [135] introduced a controllable generative framework to identify valid instantiations
for abstract knowledge automatically. However, none of the existing studies have fully com-
pleted the chain of conceptualization and instantiation, with each focusing on only one aspect.
Human annotation is also frequently applied for data collection and verification, which is both
expensive and limited in scalability. Additionally, the downstream benefits of instantiated com-
monsense knowledge have not been thoroughly explored, leaving a significant gap in improving
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commonsense reasoning models.

6.2.2 Commonsense Knowledge Distillation

Recent breakthroughs in LLMs [40, 41] have led to numerous efforts in distilling commonsense
knowledge into datasets for training performant student models. [42–45] followed the pipeline
of symbolic knowledge distillation, which uses human-crafted prompts to extract specific types
of knowledge from LLMs for training downstream models. [46] proposed to transfer distilled
knowledge from a ranker to a retriever, resulting in a more robust commonsense generator. [47]
and [48] focused on distilling conversational responses from LLMs to enhance dialogue agents
with commonsense knowledge and high-quality rationales. In this chapter, we share similar
aspirations and propose a chain of distillation framework that sequentially obtains abstract and
instantiated knowledge from powerful LLMs. Empirical results show that our framework offers
more substantial downstream benefits than traditional symbolic knowledge distillation methods.

6.3 Definitions and Datasets
We follow the definitions proposed by [78] and [85] to formulate conceptualization and instan-
tiation. Denote the triples in the original CSKB as 𝐷𝑜 = {(ℎ𝑜, 𝑟, 𝑡)|ℎ𝑜 ∈ 𝐻𝑜, 𝑟 ∈ 𝑅, 𝑡 ∈ 𝑇 },
where 𝐻𝑜, 𝑅, and 𝑇 are the set of heads, relations, and tails in the original CSKB. The objective
of conceptualization is to form a conceptualized head event, denoted as ℎ𝑎, from the original
head ℎ𝑜. This is achieved by linking a component 𝑖 ⊆ ℎ𝑜 to a concept 𝑐, forming ℎ𝑎 by replacing𝑖 with 𝑐. Consequently, abstract knowledge is formed by combining the conceptualized head
event with the original relation and tail, represented by (ℎ𝑎, 𝑟, 𝑡). In the next step, the goal of
instantiation is to associate the concept 𝑐 ⊆ ℎ𝑎 with a new instance 𝑖′. This process enables
the formation of new commonsense knowledge in the format of (ℎ𝑖′, 𝑟, 𝑡), where ℎ𝑖′ is obtained
by replacing 𝑐 ⊆ ℎ𝑎 with 𝑖′. In this chapter, we use ATOMIC [128] as the original CSKB 𝐷𝑜,
which contains 310K (ℎ𝑜, 𝑟, 𝑡) triples after dropping those with wildcards and 18,839 unique ℎ𝑜
head events. AbstractATOMIC [78] is used as the source of instances 𝑖 for every head event ℎ𝑜.

6.4 The CANDLE Framework
This section introduces our CANDLE framework, illustrated in Figure 6.2. Our framework can
be outlined in three steps: (1) Instruct ChatGPT to generate contextualized conceptualizations
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(2) Contextualized Instantiation

Figure 6.2: Overview of our CANDLE framework. A running example with PersonX arrives at
the bar, as a result, PersonX wants to relax is shown in the figure, where bar is first conceptual-
ized and then instantiated by LLMs. The instantiations can be integrated back into the original

CSKB and become input for the framework again.

based on the triples in the original CSKB. (2) Instruct LLAMA2 to instantiate the conceptual-
izations obtained in Step 1. (3) Apply critic-filtering to the generations in both steps and close
the loop by reintroducing the instantiations back to the CSKB.

6.4.1 Contextualized Conceptualization

Previous methods for collecting conceptualizations rely on heuristically matching instances against
concepts from WordNet and Probase. However, they suffer from limited concept coverage, re-
sulting in a lack of knowledge diversity after instantiation, and require additional verification to
ensure that concept 𝑐 fits into the original context (ℎ𝑜, 𝑟, 𝑡). To address both issues, we propose
to utilize ChatGPT as a loose teacher to collect conceptualizations in a one-step inference man-
ner. To verify the feasibility of such choice instead of other open-source LLMs, we carry out a
pilot study, in which we randomly select 1000 events and asked ChatGPT and LLAMA2-7B to
generate their conceptualizations. The results of our expert evaluation show that ChatGPT has
98% plausible generations, while LLAMA2 only achieves 81%. Therefore, we choose ChatGPT
as our core conceptualizer due to its exceptional performances. Following [32] and [42], we use
a few-shot prompt to instruct ChatGPT:

<TASK-PROMPT>
<EX1-INP><EX1-OUT>
…
<EX𝑁−1-INP><EX𝑁−1-OUT>
<EX𝑁-INP>
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where <TASK-PROMPT> is a task instruction that explains how to conceptualize an event and
<EX1-INP><EX1-OUT> are human authored examples of conceptualizations for events sam-
pled from ATOMIC. For each example, (ℎ𝑜, 𝑟, 𝑡, 𝑖) are included in the input, and 𝑐 is the output.
Finally, we provide the Nth input as <EX𝑁-INP> and ask ChatGPT to generate the correspond-
ing conceptualization as <EX𝑁-OUT>. This ensures that ChatGPT not only learns the relation-
ship between instances 𝑖 and their conceptualizations 𝑐 but also performs such abstraction in a
contextualized manner, ensuring the plausibility of the generated conceptualization 𝑐 within the
original context (ℎ𝑜, 𝑟, 𝑡). In this chapter, we set 𝑁 = 6 and obtain 𝑁𝑐 = 20 conceptualizations
for every event ℎ𝑜.

6.4.2 Contextualized Instantiation

After conceptualizing all events, we proceed to instantiate them by instructing an open-source
LLM to reduce the cost as the scale of instantiation is 𝑁𝑐 = 20 times larger than that of conceptu-
alization. Similarly, we carry out a round of pilot study to demonstrate the feasibility of employ-
ing LLAMA2. We ask both ChatGPT and LLAMA2 to instantiate 1,000 ChatGPT-generated
conceptualizations, and find that both models are able to produce approximately 95% plausible
instantiations with critic filtering. Considering the significant cost of using ChatGPT to gen-
erate 6.18 million conceptualizations, we decide to use LLAMA2-13B as our core instantiater.
We employ a similar prompt as described in Section 6.4.1, with the modification of replacing
<TASK-PROMPT> with the explanation of instantiating a conceptualized event and changing
<EX1-INP><EX1-OUT> to human-authored examples of instantiations for abstract common-
sense knowledge triples. (ℎ𝑎, 𝑟, 𝑡, 𝑐) are included in the input and 𝑖′ is the expected output. By
learning from these examples, LLAMA2 is expected to generate the corresponding instantia-
tion 𝑖′ (<EX𝑁-OUT>) based on the given abstract knowledge triple (ℎ𝑎, 𝑟, 𝑡, 𝑐) (<EX𝑁-INP>).
We set 𝑁 = 11 and produce only one instantiation for each conceptualized event ℎ𝑎 due to the
significant amount of conceptualizations obtained in the previous step.

6.4.3 Iterating with Critic Filtering

Following [42], we use critic filtering models to eliminate low-quality generations from LLMs.
Specifically, we utilize a DeBERTa-v3-large conceptualization discriminator, provided by [85],
and VERA-T5-xxl, provided by [102], to evaluate the quality of the generated conceptualiza-
tions and instantiations, respectively. We set an empirical threshold value 𝑡 to serve as the cutoff
point for discarding generations with scores below 𝑡. In Section 6.5.1, we present evaluations
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conducted to determine the optimal value for 𝑡. For all downstream applications, we set 𝑡 = 0.9.
Post-filtering, the instantiated triples (ℎ𝑖′, 𝑟, 𝑡) can be reintroduced as the input for conceptual-
izations again as they continue to represent concrete commonsense knowledge. This iterative
process of conceptualization and instantiation forms a loop, which enables continuously aug-
menting a CSKB. In this chapter, we execute the loop only once, but multiple iterations hold the
promise of significantly enhancing the CSKB’s knowledge coverage.

6.4.4 Distillation Details

This section provides additional details about the CANDLE distillation process not covered in
previous sections. First, we present the prompts used to instruct ChatGPT to perform contextu-
alized conceptualizations and LLAMA2 to perform contextualized instantiation. For prompting
ChatGPT to distill conceptualizations, we use a few-shot prompt as shown below:

Following the given examples, you are required to conceptu-

alize the instance (enclosed by []) in the last given event

into abstract concepts. The concept should still fit into

the instance's original sentence. Make sure that the gener-

ated abstract concepts are general and not simply hypernyms

of the instance.

…
Event <i>: PersonX enjoys drinking in the [bar], as a re-

sult, PersonX feels relaxed. [bar] can be conceptualized as

Social Gathering Place

…
Event <N>: PersonX likes [painting on the beach], as a re-

sult, PersonX will go to the beach. [painting on the beach]

can be conceptualized as

Similarly, for prompting LLAMA2-13B to distill instantiations based on previously gener-
ated conceptualizations, we use a few-shot prompt as shown below:

Following the given examples, you are required to instanti-

ate the concept (enclosed by []) in the last given event into

entities or events. If the event only contains the concept,

then instantiate it to an event starting with a subject
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PersonX or PersonY. If the event contains other words, then

instantiate it to an entity. The instance should still fit

into the original sentence. Make sure that the generated

instance is specific.

…
Event <i>: PersonX enjoys drinking in the [Social Gathering

Place], as a result, PersonX feels relaxed. [Social Gath-

ering Place] can be instantiated as beer festival

…
Event <N>: PersonX likes [exercise], as a result, PersonX

will go to the stadium. [exercise] can be conceptualized as

These prompts are consistent with our descriptions in Section 6.4.1 and Section 6.4.2, where
the task description is first presented, followed by human-authored examples, and finally, the
event we want to conceptualize or instantiate. We also leverage several tricks in the prompt,
such as numbering the examples, generating concepts instead of hypernyms, and keeping the
generated responses concise. Finally, we parse the generations via manually defined rules and
compile them into a dataset.

Additionally, we introduce some generation settings when prompting LLMs. For ChatGPT,
we access it through the official OpenAI APIs1. The code of the accessed version is gpt-3.5-

turbo-0613. We set the temperature to 1.0 and the maximum length for generated tokens to
200. To conceptualize all events in ATOMIC into 20 conceptualizations each, the time required
for the distillation process is approximately ten days and the financial budget is around 1500
USD.

For LLAMA2, we access it via the Huggingface Library [211]. The code of the accessed
model is meta-llama/Llama-2-13b-chat-hf2. When prompting, we use the Top-k
sampling decoding strategy and set 𝑘 = 10. We set the maximum length of generated tokens to
200. The models are hosted on sixteen NVIDIA-V100 GPUs, and the time required to distill the
entire dataset is approximately one month.

After collecting 20 conceptualizations for every head event in ATOMIC and further instan-
tiating them to new entities and events, we construct an expanded knowledge base of ATOMIC.
We also include more statistics, as shown in Table 6.1 and Table 6.2. For instantiations, they
share the same relational distribution as abstract commonsense triples since we only instanti-

1https://chat.openai.com/
2https://huggingface.co/meta-llama/Llama-2-13b-chat-hf
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Abs.ATM CANDLE

#Unq. event 15,388 15,359
#Unq. instance 21,493 21,442
#Unq. conceptualization 31,227 853,499
#Tot. conceptualization 503,588 6,181,391
#Unq. instantiation - 676,737
#Tot. instantiation - 6,181,391
Avg. #concept/event 32.73 173.33
Avg. #Unq. concept/event 28.33 167.76
Avg. #concept/instance 23.43 124.16
Avg. #Unq. concept/instance 17.27 100.88

Table 6.1: Statistics of conceptualizations and instantiations in AbstractATOMIC
(Abs.ATM [78]) and CANDLE. Tot. stands for total, Unq. stands for unique, and Avg.

stands for average.

ate them once. These statistics indicate that, compared to AbstractATOMIC, which is the only
available conceptualization benchmark based on ATOMIC, CANDLE contains more abstract
commonsense triples and many more unique conceptualizations. According to our results, it
can also be expected that the abstract knowledge distilled from CANDLE is of better quality
than AbstractATOMIC, which human annotations or any filtering have not verified.

Relation ATOMIC Abs.ATM CANDLE

xEffect 78,832 938,330 964,765
oEffect 28,351 333,845 346,363
xWant 101,249 1,170,835 1,322,810
oWant 43,079 484,570 551,391
xReact 62,969 510,476 480,259
oReact 26,570 224,706 208,538
xNeed 74,272 900,429 894,338
xAttr 110,791 838,191 810,958
xIntent 45,490 519,813 601,969

Total 572,053 5,921,195 6,181,391

Table 6.2: Statistics of abstract commonsense knowledge triples by relations in ATOMIC, Ab-
stractATOMIC (Abs.ATM [78]), and CANDLE.

For critic filtering, we use the state-of-the-art conceptualization discriminator [85]. This
discriminator is utilized to assess the plausibility of CANDLE distilled conceptualizations. It
considers the original event, the instance being conceptualized, and the target concept as its
inputs and generates a score ranging from 0 to 1 to represent plausibility. For instantiation, we
use the pre-trained VERA model [102]. We convert the instantiated commonsense knowledge
triple into a declarative statement and request an estimation of its plausibility from VERA. This
estimation is provided as a score ranging from 0 to 1. The output scores from both models
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Corpus Conceptualization Instantiation

Size (Unq.)/K Accept Size (Unq.)/K Accept

AbsATM 503.5 (31.22) - None -
EXEM 0.650 (0.650) - 25.12 (25.12) -

CANDLE 6,181 (853.5) 82.6% 6,181 (676.7) 77.9%
(critic0.5) 4,002 (498.4) 88.1% 4,176 (512.7) 84.4%
(critic0.7) 3,272 (382.2) 93.5% 3,098 (455.9) 89.1%
(critic0.9) 2,137 (219.4) 97.2% 2,208 (382.1) 94.5%

Table 6.3: Statistics and expert acceptance rates of CANDLE in comparison to Abstrac-
tATOMIC (AbsATM [78]) and Exemplar (EXEM [135]). Unq stands for unique.

serve as the critical values assigned to each CANDLE distillation. These critical values are then
subjected to further filtering based on various thresholds.

Additionally, we calculate the percentage of unique abstract concepts using BLEU soft unique-
ness [42, 212]. We define a concept, denoted as 𝑥, as unique if 𝐵𝐿𝐸𝑈1(𝐶, 𝑥) < 0.5, where 𝐶
represents all concepts that share the same head event and identified instance with 𝑥 in Abstrac-
tATOMIC. Here, 0.5 serves as an empirical threshold. Our distillation process yields 92.3%
unique conceptualizations, indicating a significantly higher diversity than previous datasets.

Similarly, we evaluate the uniqueness of the newly introduced head events resulting from our
chain of conceptualization and instantiation. To determine uniqueness, we define an instantiated
head event, referred to as ℎ𝑖′ , as unique if 𝐵𝐿𝐸𝑈1(ℎ𝑜, ℎ𝑖′) < 0.5, where ℎ𝑜 represents the
original head event in ATOMIC. The threshold of 0.5 is an empirical threshold. Our empirical
results demonstrate that 78.6% of the instantiated events are unique compared to ATOMIC,
highlighting the effectiveness of CANDLE in enhancing the semantic coverage of the CSKB.

6.5 Main Evaluations
In this section, we evaluate CANDLE from both intrinsic and extrinsic perspectives. Intrin-
sically, we demonstrate the high quality and diversity of conceptualizations and instantiations
generated by CANDLE (Section 6.5.1). Extrinsically, we explore the benefits by applying the
distilled knowledge to downstream tasks (Section 6.5.2).

6.5.1 Distillation Evaluations

Statistics and Quality. We present CANDLE distillation statistics based on ATOMIC in Ta-
ble 6.3, showing its superiority in scale and concept coverage compared to other benchmarks.
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Even with a strict critic filtering threshold (𝑡 = 0.9), CANDLE maintains its leading position,
having the highest count of total and unique knowledge for both types. To assess the quality
of the distilled knowledge, we recruit four expert annotators to conduct human evaluations on
the plausibility of the generated conceptualizations and instantiations. They are asked to an-
notate the plausibility of 3,000 randomly sampled abstract commonsense triples (ℎ𝑎, 𝑟, 𝑡) and
3,000 instantiated triples (ℎ𝑖′, 𝑟, 𝑡) from the distilled knowledge set. Accepted triples are those
deemed plausible by all annotators. We then analyze accepted triple ratios for different levels
of critic filtering, as shown in Table 6.3. Our findings show that LLMs have impressive con-
ceptualization and instantiation abilities, with initial plausibility rates of 82.6% and 77.9% for
both types of knowledge, respectively. Critic filtering improves plausibility by up to 14.6% and
16.6%, demonstrating the effectiveness of our measures in maintaining high-quality distilled
knowledge.

Conceptualization Diversity. The process of abstracting an event into highly diverse concep-
tualizations plays a crucial role in CANDLE. It is of significant importance because the greater
the diversity of conceptualizations, the broader the knowledge coverage becomes upon instan-
tiation. This, in turn, enhances the overall knowledge coverage within the distillation process.
To examine the diversity of the top 10,000 popular distilled conceptualizations, we obtain their
hypernyms by matching against Probase [62] and present a visualization in Figure 6.3. It reveals
that our distilled conceptualizations possess a high level of diversity across various categories,
forming a comprehensive and intricate knowledge base.

6.5.2 Downstream Applications

In this section, we explore the downstream applications of CANDLE. By applying CANDLE
to ATOMIC, the distilled conceptualizations and instantiations form a large-scale expansion of
the original CSKB, which contains high-quality abstract and concrete commonsense knowledge.
Leveraging both types of knowledge as supplementary training data, we enhance various down-
stream commonsense reasoning models. Specifically, we utilize distilled conceptualizations in
the CSKB conceptualization task [85], while instantiations are used in generative commonsense
inference (COMET [31]) and zero-shot commonsense QA tasks [35].

CSKB Conceptualization

Task Setup. The CSKB conceptualization task evaluates a model’s ability to conceptualize
a CSKB through two binary classification subtasks, which are crucial for performing CSKB
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Figure 6.3: Hypernyms distribution of the top 10,000 popular conceptualizations distilled from
CANDLE.

conceptualization inference upon concept taxonomies [78]. The first subtask, event conceptu-
alization, aims to determine whether ℎ𝑜 can be correctly conceptualized using ℎ𝑎, where ℎ𝑎 is
derived by replacing an instance 𝑖 ⊂ ℎ𝑜 with its linked concept 𝑐. The second subtask, triple con-
ceptualization, aims to assess the plausibility of a conceptualized triple (ℎ𝑎, 𝑟, 𝑡) that represents
abstract commonsense knowledge. Accuracy is used as the evaluation metric. Following [85],
we use the AbstractATOMIC dataset provided by [78] as the evaluation benchmark.

To obtain our distilled models for these tasks, we first synthesize negative samples from
CANDLE distilled conceptualizations. For event conceptualizations, a random concept from
another head event without common words is selected as the negative candidate, while for triple
conceptualization, a tail of another head event without common words under the same relation
is selected. We then fine-tune language models on a balanced mixture of CANDLE distillation
and synthesized negative samples to train two models, each serving as a pre-trained general
discriminator in their respective task domain. These two models are subsequently fine-tuned on
the training sets of AbstractATOMIC to fit into the benchmark, and their performances on the
validation and test sets are reported.
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Model Type Backbone Model / Method Event Conceptualization Triple Conceptualization

Validation Testing Validation Testing

Pre-trained
Langauge
Models

RoBERTa-large 340M 77.28 77.99 81.77 82.69
DeBERTa-v3-large 435M 78.02 78.27 82.18 82.96
GPT2-XL 1.5B 53.71 56.10 47.65 47.21
PseudoReasoner (RoBERTa-large) 78.33 78.91 79.69 80.27
PseudoReasoner (DeBERTa-v3-large) 79.03 79.21 79.89 80.07
CAT (RoBERTa-large) 340M 78.51 78.53 82.27 83.02
CAT (DeBERTa-v3-large) 435M 79.55 79.39 82.88 83.52

Large
Language
Models

ChatGPT (openai/gpt-3.5-turbo) 69.29 68.65 68.54 68.12
+ Five-shot Exemplars 69.42 70.40 70.27 72.08
+ Chain-of-thought 74.82 72.32 71.48 72.85

LLAMA2 7B 46.29 43.90 40.81 41.25
+ Five-shot Exemplars 47.92 44.89 74.67 76.80

LLAMA2 13B 48.17 48.59 48.31 48.55
+ Five-shot Exemplars 49.29 49.90 80.67 82.08

Mistral-v0.1 7B 46.29 43.90 58.09 58.07
+ Five-shot Exemplars 51.00 50.06 65.09 69.80

LLAMA2 (LoRA Fine-tuned) 7B 75.80 76.27 79.89 82.15
Mistral-v0.1 (LoRA Fine-tuned) 7B 75.71 76.76 79.59 80.35
VERA-T5 5B 70.76 70.29 72.60 76.85
VERA-T5 (Fine-tuned) 5B 75.69 76.21 80.13 81.25

CANDLE
Distilled
(Ours)

RoBERTa-large 340M 80.69↑2.18 80.99↑2.46 83.11↑0.84 84.50↑1.48
DeBERTa-v3-large 435M 80.97↑1.42 81.14↑1.75 83.64↑0.76 84.64↑1.12
LLAMA2 (LoRA Fine-tuned) 7B 77.48↑1.68 78.27↑2.00 81.68↑1.79 83.40↑1.25
Mistral-v0.1 (LoRA Fine-tuned) 7B 77.77↑2.06 78.29↑1.53 81.95↑2.36 82.54↑2.19
VERA-T5 (Fine-tuned) 5B 77.54↑1.85 78.03↑1.82 82.79↑2.66 83.61↑2.36

Table 6.4: Performances (Accuracy%) on CSKB conceptualization tasks. The best performances
within each model type are underlined, and the best among all models are bold-faced. ↑ signifies

the improvement compared to the best baseline with the same backbone model or method.

Baselines. We evaluate our distilled models by comparing them against several baselines.
These include supervised fine-tuned language models like RoBERTa-Large [75], DeBERTa-
V3-Large [77], GPT-2 [91], LLAMA2 [97], Mistral [213], and VERA [102], as well as semi-
supervised methods such as PsuedoReasoner [155] and CAT [85]. Due to computational power
limitations, we utilize LoRA [214] for fine-tuning LLMs. As additional baselines, we also con-
sider prompting LLMs, including LLAMA2, Mistral, and ChatGPT. We explore both direct
zero-shot prompting and alternative methods, such as with five-shot exemplars [215] and chain-
of-thought reasoning [196].

Results and Analysis. Table 6.4 shows the results. CAT trained with DeBERTa-v3-large out-
performs all other baselines for both tasks. Among LLMs, LLAMA and Mistral perform well
after fine-tuning, but they struggle in prompting scenarios. However, pre-training on CANDLE’s
distilled conceptualizations consistently improves results for both tasks. For example, Mistral
shows a significant improvement of 1.54% and 2.19% on two tasks compared to directly fine-
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Training Data Bleu-1 Bleu-2 Bleu-3 Bleu-4 METEOR ROUGE-L CIDEr BERTScore

Backbone: GPT2-XL [91] 1.5B
Zero-shot 4.350 1.598 0.732 0.293 5.702 5.030 0.792 37.11
ATOMIC 32.23 19.06 13.27 10.28 17.63 25.50 20.15 58.39

+ Finetune 45.72 29.18 21.12 16.15 29.97 49.69 64.61 76.09
ATOMIC2020 42.15 25.77 17.82 13.14 29.82 47.61 63.70 70.39
ATOMIC-10X 33.69 18.82 11.71 7.910 18.78 25.69 19.29 61.47

+ Finetune 45.38 29.20 21.09 16.15 30.09 49.86 65.02 75.89
AbstractATOMIC 29.46 17.16 11.89 9.019 17.42 24.30 19.95 57.83

+ Finetune 45.30 29.08 21.00 16.06 29.98 48.61 63.98 75.56
CANDLE Distilled 26.91 16.44 12.31 10.28 17.66 23.66 21.36 57.15

+ Finetune 50.71 33.85 25.55 20.43 32.45 51.91 69.68 76.86
Backbone: ChatGPT [40] (openai/gpt-3.5-turbo)
Zero-shot 11.82 4.258 1.891 0.926 13.87 13.73 4.350 49.28
Five-shot 26.32 12.50 7.160 4.415 18.60 24.65 8.313 58.69
Chain-of-thought 9.906 3.568 1.556 0.736 11.85 11.02 2.905 46.17

Backbone: LLAMA2 [97] 7B
Zero-shot 18.26 7.453 3.594 1.945 15.90 20.28 8.872 48.23
Five-shot 31.22 16.87 9.767 5.989 19.74 27.67 17.83 58.41
ATOMIC 29.94 16.44 10.03 6.631 19.02 25.75 18.71 59.68

+ Finetune 42.04 23.01 14.10 9.125 27.80 42.90 53.17 71.52
ATOMIC2020 41.07 22.46 13.62 8.619 27.74 42.42 53.28 71.77
ATOMIC-10X 33.06 17.65 9.986 6.078 19.22 25.32 17.80 61.25

+ Finetune 42.07 23.08 14.14 9.198 28.14 42.75 53.69 71.93
AbstractATOMIC 26.08 13.27 7.799 5.018 15.08 21.20 14.78 56.83

+ Finetune 42.78 23.64 14.58 9.471 27.74 42.55 53.12 71.51
CANDLE Distilled 28.93 15.56 9.468 6.140 18.60 25.37 17.20 60.27

+ Finetune 43.86 24.40 15.12 10.00 28.36 43.86 54.25 72.94

Table 6.5: Performances (%) of the commonsense inference modeling task (COMET) on the full
test set of ATOMIC2020. The best ones within each backbone are underlined, and the best among

all is bold-faced.

tuning on AbstractATOMIC. Additionally, the distilled DeBERTa-v3-large surpasses all base-
line models and achieves state-of-the-art performance. This can be attributed to the distilled
conceptualizations obtained from CANDLE, which grant the model a more comprehensive un-
derstanding of conceptualizations and subsequently enhance its discriminatory capabilities.

Generative Commonsense Inference

Task Setup. The task of generative commonsense inference modeling (COMET [31]) asks the
model to generate commonsense tails 𝑡 based on given head ℎ𝑜 and relation 𝑟 inputs. Follow-
ing [129], we use the full test set of ATOMIC2020 as our evaluation benchmark. We use several
automatic metrics for evaluation, including BLEU [162], ROUGE-L [164], METEOR [163],
CIDEr [165], and BERTScore [168]. Meanwhile, four expert annotators are recruited to con-
duct expert evaluations of the generations. They are asked to annotate the plausibility of 200
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randomly selected commonsense triple generations under each setting, and the resulting plausi-
bility rates are reported.

Similar to training distilled models in previous tasks, we first pre-train GPT2 and LLAMA2-
7B on critic-filtered CANDLE instantiations, where each (ℎ𝑖′, 𝑟, 𝑡) triple is concatenated into a
sentence via natural language templates. Subsequently, we fine-tune these models on the training
split of ATOMIC2020 to fit them into the benchmark. Finally, we report their performances on the
test set.

Baselines. For baselines, we separately train GPT2 and LLAMA2-7B on the training sets of
ATOMIC, ATOMIC2020, ATOMIC10X [42], and AbstractATOMIC. These models are then fine-
tuned on the training split of ATOMIC2020 and evaluated on its test set. We also include their
zero-shot prompting performances, with LLAMA2 being evaluated with five-shot exemplars.
ChatGPT’s performances under zero-shot, five-shot, and chain-of-thought settings are also re-
ported.

Results and Analysis. Table 6.5 shows the results. Among the baselines, models pre-trained
on ATOMIC-10X achieve the highest expert acceptance rate, surpassing those trained on Ab-
stractATOMIC. This may be because ATOMIC-10X covers a wider range of commonsense
relations consistent with ATOMIC2020. However, CANDLE distilled models achieve the high-
est scores compared to baselines with the same backbone model. For example, the CANDLE
distilled LLAMA-7B model improves BERTScore by 1.01% and expert-plausibility by 3.00%
compared to the best baseline. It also outperforms ChatGPT in all automatic metrics while main-
taining a high plausibility rate of around 80%. This emphasizes the advantages of using CAN-
DLE distilled instantiations for COMET training over traditional symbolic knowledge distillation
methods or conceptualization augmentation. Interestingly, we also observe that LLAMA2 has
a tendency to generate long and contextually rich commonsense knowledge. On the other hand,
GPT2, when fine-tuned on ATOMIC-like data, may generate shorter and more concise knowl-
edge, which aligns with the format and length of knowledge in ATOMIC2020, thus achieving
better results in automatic evaluations. However, human annotators tend to consider long and
contextually rich commonsense statements, generated by LLAMA2, as more plausible.

Zero-shot Commonsense QA

Task Setup. The task of zero-shot commonsense QA involves selecting the most plausible
option for commonsense questions without any supervision signals from benchmark data. We
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follow the most effective pipeline by [35], which fine-tune language models on QA pairs synthe-
sized from knowledge in CSKBs. The head ℎ𝑜 and relation 𝑟 of a (ℎ𝑜, 𝑟, 𝑡) triple are transformed
into a question using natural language prompts, with the tail 𝑡 serving as the correct answer op-
tion. Distractors or negative examples are generated by randomly sampling tails from triples
that do not share common keywords with the head. In addition to directly synthesizing from
knowledge triples in ATOMIC, we augment ATOMIC by sampling triples from ATOMIC-10X,
AbstractATOMIC, and CANDLE instantiations. The number of sampled triples is the same as in
the original ATOMIC dataset. We then synthesize them into QA pairs to train different baseline
models and CANDLE distilled models. For our distilled models, we utilize QA pairs sourced
from CANDLE-instantiation augmented ATOMIC to train a DeBERTa-v3-large model using the
marginal ranking loss and a T5-xxl model [93] following the training regime of VERA. We eval-
uate the performance of all models on the validation split of Abductive NLI (aNLI [190]), Com-
monsenseQA (CSQA [21]), PhysicalIQA (PIQA [114]), SocialIQA (SIQA [80]), and Wino-
Grande (WG [191]). Accuracy is used as the evaluation metric.

Baselines. First, we report performances of vanilla RoBERTa-Large, DeBERTa-v3-Large, Self-
talk [27], COMET-DynaGen [29], SMLM [34], MICO [36], MR [35], STL-Adapter [37], and
the previous state-of-the-art method, CAR [111]. For MR and CAR, DeBERTa-v3-Large is used
as the backbone, and their performances on ATOMIC-10X and AbstractATOMIC are also re-
ported. For LLMs, we report the performances of prompting GPT3.5 [32], ChatGPT, GPT4 [41],
LLAMA2, and Mistral in a zero-shot manner. For ChatGPT, its performances with chain-of-
thought [196] and self-consistency chain-of-thought [216] prompting are also reported. We also
train several VERA-T5-xxl baselines on different sets of QA pairs as LLM baselines.

Results and Analysis. Table 6.8 shows the results, demonstrating that CANDLE distilled
models generalize better than the baselines across several commonsense QA benchmarks. For
instance, VERA demonstrates an average improvement of 1.4% compared to the best baseline.
This can be attributed to the inclusion of new entities and events in CANDLE instantiations that
are absent in other CSKBs, where CANDLE instantiations can aid in answering commonsense
questions that require knowledge of these new instances. Furthermore, the distilled DeBERTa-
v3-large model outperforms all baselines, including methods utilizing LLMs. This also indicates
that augmenting with CANDLE distilled instantiations provides a more significant advantage
compared to using symbolically distilled or abstract knowledge as training data.
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6.6 Analysis

6.6.1 Feasibility of Iterating CANDLE

We first demonstrate the feasibility of iterating the CANDLE framework with more than one
round. To do so, we randomly sample 10,000 distilled instantiations from LLAMA2 as the
input for the CANDLE framework and execute the framework again, resulting in 200,000 con-
ceptualizations and 200,000 instantiations. Subsequently, we randomly select 300 from each set
and annotate them accordingly. The results are shown in Table 6.6. We observe that iterating
the framework produces slightly better results than the first loop. This improvement may be
attributed to the fact that the knowledge generated in the initial loop is more easily understood
by LLMs compared to the human-annotated data in ATOMIC. Moreover, 58% of the concep-
tualizations and 44% of the instantiations are novel compared to the first loop. Based on these
findings, we believe that our iterative framework is effective, and the iteration process enhances
the augmentation of a CSKB through multiple iterations.

Critic Conceptualization Instantiation

0.0 92.3% 85.5%
0.5 94.6% 91.2%
0.7 95.9% 93.3%
0.9 98.3% 96.7%

Table 6.6: Annotation results of distillations obtained from the second round of executing CAN-
DLE.

6.6.2 Source of Empirical Gains

Since LLAMA2 has been pre-trained on some evaluation benchmarks, it remains questionable
whether the empirical gains in downstream tasks are due to knowledge overlap between distil-
lations from LLAMA2 and the evaluation benchmarks. To this extent, we further demonstrate
that CANDLE distilled models perform better due to improved generalizability rather than re-
lying on data overlap with the evaluation data. We use SentenceBERT [203] to measure the
textual similarity between the distilled knowledge and the evaluation data for each task. We then
calculate the ratio of data that exhibits semantic overlap with a similarity score exceeding 0.5
and also report the average similarity. The results are shown in Table 6.7. Based on the results,
we observe that the distilled knowledge has minimal overlap with the evaluation set. This indi-
cates that the empirical gain primarily stems from our distilled knowledge, which improves the
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generalizability of the models, rather than relying on knowledge overlap with the evaluation sets.

Task CSKB Concept. COMET CSQA

Overlap Ratio 10.1% 8.7% 5.3%
Avg. Similarity 0.39 0.38 0.31

Table 6.7: Knowledge overlap ratio and average similarity between distilled knowledge and eval-
uation data.

6.6.3 Ablation Study

Figure 6.4: Ablation results examining the impact of different threshold values in CANDLE’s
critic filtering.

In this section, we examine the impact of our critic filters on the ablation of CANDLE.
Specifically, we investigate the effect of different levels of critic threshold or completely aban-
doning critic filtering on downstream tasks. We conduct four experiments with different settings,
denoted as 𝑡 ∈ {0, 0.5, 0.7, 0.9}, where 𝑡 = 0 corresponds to abandoning critic filtering and using
all distilled knowledge as complementary training data. For detailed statistics, please refer to
Table 6.3. For each value of 𝑡, we select the distilled knowledge with a critic score higher than𝑡 and utilize it as complementary training data to train student models for the three downstream
tasks. We employ the same training strategies described in prior sections. In the case of CSKB
conceptualization and zero-shot commonsense QA tasks, we utilize DeBERTa-v3-large as the
backbone model, with accuracy as the evaluation metric. For COMET, we use GPT2 and evalu-
ate using the BERTScore as the evaluation metric. The results are visualized in Figure 6.4. Our
analysis reveals a consistent trend where higher threshold values yield improved performance,
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indicating the reliability of our critic filter. However, it is worth noting that setting the threshold
above 0.9 may potentially lead to even better performance. Nevertheless, such a trade-off comes
with a downside: it reduces the amount of usable knowledge in each distillation round, which
can impede the iterative process. The reason for this is that when the number of distilled con-
ceptualizations and instantiations decreases significantly in each round, CANDLE is unable to
incorporate new instantiated data for future distillation iterations. As a result, the “convergence”
of those high-critic data occurs prematurely in CANDLE.

6.6.4 Case Study

We present some examples in Table 6.9 to show conceptualizations and instantiations generated
by CANDLE, along with their corresponding critic values assigned by our critic-filtering dis-
criminators. It can be observed that both ChatGPT and LLAMA2 exhibit the ability to generate
high-quality knowledge based on given instructions. Furthermore, they can introduce novel con-
ceptualizations and events during the distillation chain, effectively meeting our expectations of
CANDLE. Future works can investigate the feasibility of incorporating conceptualization and
abstract knowledge into more downstream tasks, such as metaphysical reasoning [217], complex
reasoning [101, 218, 219], theory-of-mind reasoning [220], text to table generation [221], and
commonsense knowledge graph denoising [204].

6.7 Conclusions
This chapter introduces CANDLE, a distillation framework that realizes the chain of concep-
tualization and instantiation over CSKBs. We demonstrate the efficacy of CANDLE through
comprehensive evaluations of the distilled knowledge and its positive impact on downstream
tasks. Our research sheds light on distilling LLMs to enable more robust and generalizable
commonsense reasoning.

84



Model/Method CSKB a-NLI CSQA PIQA SIQA WG Avg.

Pre-trained Language Models
Random Vote - 50.0 20.0 50.0 33.3 50.0 40.7
Majority Vote - 50.8 20.9 50.5 33.6 50.4 41.2
GPT2-L [91] - 56.5 41.4 68.9 44.6 53.2 52.9
RoBERTa-L [75] - 65.5 45.0 67.6 47.3 57.5 56.6
DeBERTa-v3-L [77] - 59.9 25.4 44.8 47.8 50.3 45.6
Self-talk [27] - - 32.4 70.2 46.2 54.7 -
SMLM [34] * 65.3 38.8 - 48.5 - -
COMET-DynGen [29] ATOMIC - - - 50.1 - -
MICO [36] ATOMIC - 44.2 - 56.0 - -
STL-PLM [37] ATOMIC 71.6 64.0 72.2 63.2 60.5 66.3
MTL [37] CWWV 69.6 67.3 72.5 52.0 57.2 63.7
MTL [37] CSKG 69.8 67.1 72.0 61.9 59.3 66.0
STL-Adapter [37] ATOMIC 71.3 66.5 71.1 64.4 60.3 66.7
STL-Adapter [37] CSKG 71.5 66.7 72.1 64.7 59.0 66.8
RoBERTa-L (MR) [35] ATM10𝑋 70.8 64.2 71.7 61.0 60.7 65.7
RoBERTa-L (MR) [35] ATOMIC 70.8 64.2 72.1 63.1 59.2 65.9
RoBERTa-L (MR) [35] CWWV 70.0 67.9 72.0 54.8 59.4 64.8
RoBERTa-L (MR) [35] CSKG 70.5 67.4 72.4 63.2 60.9 66.8
DeBERTa-v3-L (MR) [35] ATM10X 75.1 71.6 79.0 59.7 71.7 71.4
DeBERTa-v3-L (MR) [35] ATOMIC 76.0 67.0 78.0 62.1 76.0 71.8
ZS-Fusion [37] CWWV 69.6 67.6 73.1 53.7 59.5 64.7
ZS-Fusion [37] CSKG 72.4 68.3 73.0 66.7 60.9 68.3
MKIF [39] CSKG 72.5 71.0 73.1 - 61.0 -
CAR-RoBERTa-L [111] ATOMIC 72.3 64.8 73.2 64.8 61.3 67.3
CAR-RoBERTa-L [111] AbsATM 72.7 66.3 73.2 64.0 62.0 67.6
CAR-DeBERTa-v3-L [111] ATOMIC 78.9 67.2 78.6 63.8 78.1 73.3
CAR-DeBERTa-v3-L [111] AbsATM 79.6 69.3 78.6 64.0 78.2 73.9
DeBERTa-v3-L (CANDLE Distilled) CANDLE 81.2↑1.6 69.9↑0.6 80.3↑1.7 65.9↑1.9 78.3↑0.1 74.9↑1.0
Large Language Models
GPT-3.5 (text-davinci-003) - 61.8 68.9 67.8 68.0 60.7 65.4
ChatGPT (gpt-3.5-turbo) - 69.3 74.5 75.1 69.5 62.8 70.2

+ Chain-of-thought - 70.5 75.5 79.2 70.7 63.6 71.9
+ Self-consistent chain-of-thought - 73.2 75.7 81.7 69.7 64.1 72.9

GPT-4 (gpt-4) - 75.0 43.0 73.0 57.0 77.0 65.0
LLAMA2 (7B [97]) - 57.5 57.8 78.8 48.3 69.2 62.3
LLAMA2 (13B [97]) - 55.9 67.3 80.2 50.3 72.8 65.3
Mistral-v0.1 (7B [213]) - 51.0 59.6 83.0 42.9 75.3 62.4
VERA-T5-xxl [102] ATOMIC 71.2 61.7 76.4 57.7 67.5 66.9
VERA-T5-xxl [102] ATM10X 70.3 59.5 75.1 58.2 67.2 66.1
VERA-T5-xxl [102] AbsATM 73.2 63.0 77.2 58.1 68.1 68.0
VERA-T5-xxl (CANDLE Distilled) CANDLE 73.8↑0.6 64.7↑1.7 77.6↑0.4 59.4↑1.2 71.3↑3.2 69.4↑1.4
Supervised Learning & Human Performance
RoBERTa-L (Supervised) - 85.6 78.5 79.2 76.6 79.3 79.8
DeBERTa-v3-L (Supervised) - 89.0 82.1 84.5 80.1 84.1 84.0
VERA-T5 (Multitask Supervised) - 83.9 77.8 88.5 80.1 92.4 84.5
Human Performance - 91.4 88.9 94.9 86.9 94.1 91.2

Table 6.8: Full zero-shot evaluation results (Accuracy%) on five commonsense question an-
swering benchmarks. The best results are bold-faced, and the second-best ones are underlined.↑ signifies the improvement CANDLE-distilled models achieve compared to the best baseline
with the same backbone model. ATM10X stands for ATOMIC-10X [42] and AbsATM stands

for AbstractATOMIC [78]. All scores are retrieved from their original papers.
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Original Concept./Instant. Critic

PersonX swims in the lake,
as a result, PersonX feels,
tired.

PersonX swims in freshwater, as a result, PersonX feels, tired. 0.97
PersonX swims in the sea, as a result, PersonX feels, tired. 0.87

PersonX swims, as a result, PersonX feels, tired. 0.89
PersonX swims every week, as a result, PersonX feels, tired. 0.81

PersonX is sitting in class,
as a result, PersonX will,
learns something.

PersonX is sitting in instructional period, as a result, PersonX will, learns something. 0.54
PersonX is sitting in a math class, as a result, PersonX will, learns something. 0.75

PersonX study, as a result, PersonX will, learns something. 0.78
PersonX learns how to do the exam, as a result, PersonX will, learns something. 0.81

PersonX buys PersonY a gift,
as a result, PersonY feels,
joyful.

remembrance, as a result, PersonY feels, joyful. 0.19
PersonX reminisce, as a result, PersonY feels, joyful. 0.27

PersonX shopping, as a result, PersonY feels, joyful. 0.61
PersonX buys a new toy for PersonY, as a result, PersonY feels, joyful. 0.90

PersonX always fought,
as a result, PersonY feels,
angry.

PersonX always violent behavior, as a result, PersonY feels, angry. 0.98
PersonX always punch others hardly, as a result, PersonY feels, angry. 0.91

combative personality, as a result, PersonY feels, angry. 0.98
PersonX PersonX likes to join a fight, as a result, PersonY feels, angry. 0.85

PersonX gets a new bike,
as a result, PersonX wants,
to ride it.

PersonX gets a transportation tool, as a result, PersonX wants, to ride it. 0.92
PersonX gets a motor, as a result, PersonX wants, to ride it. 0.98

bike possession, as a result, PersonX wants, to ride it. 0.93
PersonX has a nice bicycle, as a result, PersonX wants, to ride it. 0.89

PersonX spends time with PersonY,
PersonX is seen as,
social.

PersonX spends love-building period with PersonY, PersonX is seen as, social. 0.05
PersonX spends time in love with PersonY, PersonX is seen as, social. 0.37

social activity, PersonX is seen as, social. 0.64
PersonX enjoys going to parties, PersonX is seen as, social. 0.73

PersonX hears sirens,
as a result, PersonX will,
make way to the siren.

emergency response, as a result, PersonX will, make way to the siren. 0.37
PersonX sees an ambulance coming, as a result, PersonX will, make way to the siren. 0.74

PersonX hears loud noise, as a result, PersonX will, make way to the siren. 0.67
PersonX hears a fire truck beeping, as a result, PersonX will, make way to the siren. 0.77

Table 6.9: Case studies of conceptualizations and instantiations distilled from CANDLE in
their original context. Original stands for the original triple sampled from ATOMIC. In the
Concept./Instant. column, each box contains an abstract commonsense triple that includes con-
ceptualization, followed by an instantiated commonsense triple with instantiation. We demon-

strate two ways to conceptualize each original triple from ATOMIC.
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CHAPTER 7

CONCEPTUALIZATION-GUIDED KNOWLEDGE
EDITING

The previous chapters establish conceptualization as a core mechanism for generalizable
commonsense reasoning: by abstracting surface events into reusable concepts and re-grounding
them back into contextualized instances, models can expand coverage, reduce spurious supervi-
sion artifacts, and improve robustness on downstream tasks. At the same time, they also raise a
natural next question: once commonsense knowledge is encoded inside a model, can we main-
tain and repair it in a way that preserves this concept-level generalization, rather than treating
each error as an isolated exception?

This question becomes more pressing as the field transitions from PTLM-era reasoning sys-
tems to modern LLMs. Much of the prior work on commonsense acquisition and augmentation
was developed and validated primarily on relatively small or medium-sized pre-trained models,
where updating behavior via continued training is still feasible. With increasingly large back-
bones, however, full retraining or repeated fine-tuning becomes prohibitively expensive, while
failures in commonsense plausibility more often reflect broader, concept-level gaps that sur-
face across many paraphrases, contexts, and relational realizations. Knowledge Editing (KE) is
therefore an attractive tool for efficiently correcting and updating large models, yet existing KE
methods are typically formulated around single, surface-form facts—an assumption that is es-
pecially fragile for commonsense knowledge, whose expressions are diverse and whose effects
can cascade through tightly coupled generations.

Motivated by this gap, we introduce CONKE, which connects the conceptualization-centric
perspective of earlier chapters to the post-training setting of knowledge editing. The key idea is
to use conceptualization and instantiation to lift an error from a single statement into a concept-
structured neighborhood and then ground it back into diverse, context-consistent instances. This
semantic enrichment turns editing from a local patch into a more transferable update, improv-
ing coverage and stability while reducing unintended side effects—thereby enabling scalable,
concept-guided editing of commonsense knowledge in LLMs.
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What effects does the event of 
Alice plays together every day have 

on others?

Others will feel the urge to sneeze 
repeatedly.

Human 
labeling

Ground truth triple in CSKB
PersonX plays together every day,

oEffect,
get to know someone

Traditional Knowledge Editing

PersonX plays together 
every day

Conceptualization & Instantiation

Commonsense Knowledge Base

1. (PersonX plays together every 
day, oEffect, get to know someone)
2. (PersonX plays together every 

day, xIntent, to be amused)
3. (PersonX plays together every 
day, xNeed, to know how to play)

1. (PersonX plays together every day, 
oEffect, get to know someone)

2. (PersonX has fun, xIntent, to be amused)
3. (PersonX engages in enjoyable group 
activities, xNeed, to know how to play)

...
Abstract Commonsense Knowledge Base

PersonX 
has fun

PersonX engages in 
enjoyable group activities

ConceptEdit (Ground truth triple in augmented abstract KB)

VERA

Figure 7.1: An overview of CONKE, which pipelines conceptualization and instantiation, knowl-
edge editing, and LLM verification together for automated and scalable knowledge editing over

commonsense knowledge.

7.1 Introduction
Recent advancements in Large Language Models (LLMs [193, 222–224]) have led to Knowledge
Editing (KE [225–227]), a computationally efficient strategy to correct inaccurate responses and
update LLMs by modifying their internal weights or representations, without re-training the
entire model. Such methods have been applied to various domains, including factual reason-
ing [228, 229], medical knowledge [230], and commonsense reasoning [231], and have proven
effective in enhancing domain-specific expertise.

Despite their success, current KE methods face several challenges, including limited knowl-
edge coverage [127] in existing commonsense knowledge bases [11, 24, 45, 210, 232–234] which
offer limited coverage and focus on isolated facts, rather than forming hierarchical structures that
enable generalization through editing [235, 236]. Furthermore, the unstructured nature of com-
monsense knowledge complicates scaling, while the flexible representation of commonsense
knowledge means that a single fact may manifest in multiple formats. This necessitates editing
at the (relation, tail) pair level rather than at individual tokens.

To address these issues, we present CONKE, a novel knowledge editing framework tailored
for editing commonsense knowledge within LLMs. We use VERA [102], an automated com-
monsense plausibility verifier, to assess the plausibility of commonsense knowledge in LLMs.
For knowledge deemed erroneous and requiring edits, we integrate conceptualization and instan-
tiation [85, 111] to enrich semantic coverage and support more generalizable editing, covering
not only the targeted knowledge but also other potentially relevant yet implausible information
within the LLM. implausible information within the LLM. This pipeline therefore integrates
automated detection, semantic enrichment, and edit application into one closed loop, enabling
fully end-to-end scalability.

To ensure flexibility, CONKE adopts an open-ended format for editing, enabling the handling
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of arbitrary knowledge structures rather than focusing solely on traditional (h,r,t) triplets.
We go beyond traditional Knowledge Editing techniques by combining automated knowledge
detection, conceptualization, and instantiation, enhancing the model’s ability to generalize and
adapt to diverse contexts. Experimental results on AbstractATOMIC [78] demonstrate that
LLMs enhanced by CONKE generate commonsense knowledge with improved plausibility. Fur-
ther evaluations across five commonsense question-answering benchmarks also show perfor-
mance improvements. These experiments demonstrate the robustness and generalizability of
our approach in enhancing commonsense reasoning across diverse architectures and tasks.

7.2 Related Works

7.2.1 Knowledge Editing

Knowledge editing [237] aims to update an LLM’s internal knowledge without full retraining or
relying solely on prompt engineering, is becoming increasingly crucial. [238] propose ROME,
which identifies and updates factual associations within specific MLP layers, achieving precise
single-fact edits guided by causal mediation analysis. MEMIT [239] extends ROME’s principles
to handle large-scale edits simultaneously. By distributing updates across multiple layers and
parameters, MEMIT efficiently integrates thousands of facts while maintaining specificity and
fluency. GRACE [240], on the other hand, avoids internal parameter changes by integrating
external dictionaries and adapters as a modular memory source. This approach allows flexible,
inference-time access to new knowledge, though it may sacrifice some internal coherence and
interpretability. In this chapter, we build upon these methods to enhance editing commonsense
knowledge in LLMs.

7.2.2 Conceptualization in Commonsense

Conceptualization abstracts entities or events into general concepts, forming abstract common-
sense knowledge [103], while instantiation grounds these concepts into new instances, intro-
ducing additional commonsense knowledge. Previous work largely focused on entity-level con-
ceptualization [68, 69, 88, 136, 142], with [78, 85, 111] pioneering event-level conceptualiza-
tion from WordNet [57] and Probase [62]. For instantiation, [135] introduced a controllable
generative framework that automatically identifies valid instances. In this chapter, we leverage
the conceptualization distillation framework proposed by [98] to augment the knowledge being
edited, ensuring broader semantic coverage and thereby improving the generalizability of edited

89



knowledge.

7.3 The CONKE Framework
An overview of CONKE is presented in Figure 7.1. Our framework consists of three main com-
ponents: (1) automated knowledge verification with VERA [102], (2) abstract knowledge acqui-
sition via conceptualization and instantiation, and (3) LLM knowledge editing. We use the Ab-
stractATOMIC [78] and CANDLE [98] datasets for training and evaluation as two rich sources
of abstract knowledge with conceptualization and instantiation. The training set of both datasets
are used for editing and the testing sets are used for evaluation.

7.3.1 Automated Knowledge Verification

Since commonsense knowledge is vast, traditional human-in-the-loop methods for detecting and
correcting erroneous outputs in LLMs are neither easily scalable nor adaptable. Inspired by re-
cent advances in using LLMs as automated judges [241, 242], we propose a fully automated
verification strategy to assess an LLM’s internal commonsense knowledge. Our verification pro-
cess involves VERA [102], a discriminative model trained to score the plausibility of arbitrary
commonsense statements, as our evaluation tool. For each triple in the AbstractATOMIC [78]
training set, we prompt the LLM with the head event and request it to generate the corresponding
relation and tail. VERA then evaluates the plausibility of the generated knowledge by producing
a score in the range [0, 1], where values above 0.5 are considered plausible, and those below 0.5
are deemed implausible. By iterating over all triples, this process provides both the LLM’s gen-
erated responses and VERA’s discrimination results, pinpointing which portions of the gener-
ated knowledge are incorrect. Consequently, we can identify the exact ”areas” within the LLM’s
internal knowledge that require editing. This automated pipeline eliminates the dependence on
costly human annotations for error detection, enabling scalable and efficient improvements of
the LLM’s commonsense understanding.

7.3.2 Conceptualization and Instantiation

While existing approaches primarily integrate decontextualized commonsense knowledge into
LLMs through KE techniques, we hypothesize that capturing the diverse patterns that the same
piece of knowledge can exhibit under different contexts is equally important. However, repeated
editing may result in knowledge drift, where successive modifications will lead to subtle con-
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flicts, causing the model’s internal representation to become unstable. To this end, we augment
the knowledge to be edited by implementing both conceptualization and instantiation, follow-
ing [98]. For each triple targeted for editing, we first abstract its instances into more general
concepts by prompting GPT-4o, producing abstract knowledge triples (Figure 7.1). We then
instantiate these abstract concepts into novel, context-specific instances, again using GPT-4o,
thereby forming a rich knowledge base. This process yields approximately 160,000 common-
sense knowledge triples, substantially improving the semantic coverage and contextual adapt-
ability of the edited knowledge. Also, this process ensures that the knowledge is rooted in real-
world scenarios, enhancing the model’s ability to reason about underlying causes and effects,
which is a cornerstone of effective commonsense reasoning. When the model’s outputs are
deemed implausible, we retrieve multiple plausible (head, relation, tail) triples from Abstrac-
tATOMIC to guide the model’s internal revision. Rather than inserting a single missing piece
of knowledge, we introduce a set of facts that collectively represent a broader spectrum of com-
monsense patterns. This approach encourages the model to infer and internalize more generaliz-
able patterns of reasoning, ultimately improving its capacity to handle previously unseen events
and scenarios. By automating both the evaluation and the subsequent knowledge integration,
our framework scales to a level of complexity that would be prohibitively costly with manual
annotation, while still ensuring consistent improvements in the model’s commonsense reason-
ing abilities. Additionally, we are mindful of cascading effects that may arise when modifying
a piece of commonsense knowledge. As noted in [226], knowledge is highly interconnected,
and modifying one fact can trigger unintended changes in related facts, leading to inconsisten-
cies. To mitigate these cascading effects, we use conceptualization and instantiation to ensure
that modifications to abstract concepts are consistently applied to their related instances, hence
maintaining coherence and reducing the risk of introducing inconsistencies.

Discussion on global consistency. A further question is whether editing at the concept level
can maintain global consistency across the model’s broader commonsense knowledge. In the
current formulation, CONKE improves consistency primarily in a local and semantically struc-
tured sense rather than guaranteeing full global coherence over all affected knowledge. More
specifically, by enriching an edit target with conceptualized variants and instantiated realiza-
tions, CONKE encourages the model to revise a family of related expressions together, instead
of patching only a single surface form. This substantially reduces brittleness and helps the edit
generalize to nearby paraphrases, substitutions, and contexts. However, because the knowledge
is stored in distributed model parameters rather than in an explicitly constrained symbolic mem-
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ory, interactions with distant or weakly related knowledge cannot be exhaustively controlled.
The practical role of conceptualization in CONKE is therefore to improve semantic con-

sistency under local transfer. The edited knowledge is surrounded by abstractions that capture
shared structure and by instantiations that anchor that structure in diverse concrete situations. To-
gether with automated plausibility verification, this reduces the likelihood that an edit remains
too narrow or contradicts obvious neighboring realizations. Nevertheless, full global consistency
would require stronger mechanisms than those implemented here, such as explicit graph-level
constraints over edited knowledge, iterative post-edit auditing over broader neighborhoods, or
hybrid symbolic-neural representations that expose long-range dependencies among common-
sense assertions.

For this reason, the present thesis views global consistency not as a property that is fully
solved by CONKE, but as an important next-stage research problem. The contribution of CONKE
is to show that conceptualization provides a more principled editing unit than isolated factual
strings: it moves the editing process from single-surface correction toward semantically orga-
nized revision. This makes consistency easier to improve, even if it does not make it possible to
guarantee consistency in the strict formal sense. Future work may therefore combine concept-
level editing with explicit consistency-checking modules, retrieval-based monitoring of affected
neighborhoods, or multi-step editing schedules that jointly optimize local correctness and global
compatibility.

7.3.3 LLM Knowledge Editing

Finally, we apply knowledge editing to the LLM using the enriched knowledge base gener-
ated through our conceptualization and instantiation processes, correcting errors identified by
VERA. To accomplish this, we experiment with three established knowledge editing methods:
MEMIT [239], ROME [238], and GRACE [240]. For GRACE, which relies on adapters to deter-
mine whether and how to use an external dictionary, we adopt the original deferral mechanism
implementation. We evaluate our framework with these editing methods on four representa-
tive LLM backbones: Mistral-7B-Instruct-v0.2[213], Meta-Llama-3-8B-

Instruct[224], Chatglm2-6b[243], and GPT-J-6B[244].

7.4 Experiments and Analyses
In this section, we evaluate LLMs after applying CONKE through expert and automated as-
sessments, illustrating improved performance on downstream tasks and present several ablation
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Figure 7.2: Average plausible rate and expert acceptance rate of LLMs’ generation after CONKE.

studies.

7.4.1 LLMs-After-Editing Evaluation

We first evaluate LLMs after editing via two measures. First, we prompt these LLMs with head
events in the testing set of AbstractATOMIC and ask it to complete the commonsense knowledge.
With the generations on the testing set, we ask VERA to score them again and we calculate the
plausible ratio whose scores are above 0.5. Then, we sample a subset of 200 generations and re-
cruit two expert annotators to conduct a manual analyses on the acceptance ratio of the plausible
assertions that passed VERA’s filtering. We compare models after being edited with MEMIT,
GRACE, and ROME, and set another vanilla group as baseline comparison. As shown in Fig-
ure 7.2, both VERA and human evaluations exhibit consistent trends, with human raters tend
to assign higher scores but identifying similar improvements. When applying MEMIT-based
editing, both VERA and human evaluations show notable enhancements over the Vanilla base-
line. Similarly, GRACE and ROME edits enhance plausibility scores, with MEMIT and GRACE
achieving the highest overall performance. The strong results from expert annotations further
validate the reliability of VERA’s judgments, supporting the use of VERA in our framework as
an effective commonsense evaluator to identify implausible knowledge requiring further edit-
ing. This approach reduces reliance on manual annotations while preserving robust assessment
capabilities.
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Figure 7.3: Performance of the best LLM after editing on five downstream tasks compared to
the vanilla baseline.

7.4.2 Downstream Improvements

To assess whether enhanced internal commonsense reasoning improves downstream task perfor-
mance, we evaluate the edited models on multiple commonsense reasoning benchmarks. Fol-
lowing [35], we test our framework on the validation splits of five widely-used commonsense
QA benchmarks: Abductive NLI (aNLI [190]), CommonsenseQA (CSQA [21]), PhysicalIQA
(PIQA [114]), SocialIQA (SocialIQA [80]), and WinoGrande (WG [191]). These benchmarks
are designed to evaluate a range of knowledge types crucial for robust commonsense reason-
ing [38, 217, 245, 246]. We compare the performance of the best LLM edited with CONKE
against its corresponding vanilla baseline across all benchmarks, with the results visualized in
Figure 7.3. The results show that models edited with CONKE achieve significant performance
improvements across all benchmarks, with particularly notable gains in aNLI and SocialIQA.
These findings demonstrate the effectiveness of CONKE in enhancing commonsense reasoning
capabilities and suggest its potential for broader applications in improving LLM performance on
real-world reasoning tasks.

7.4.3 Ablation Study

Finally, to validate the effect of conceptualization, we conducted an ablation study on MEMIT
by removing the conceptualization step and comparing performance. In this setup, we edit LLMs
both with and without the integration of conceptualization and instantiation, and evaluate their
performance by examining the average VERA scores of the generated outputs on the testing
set. The conceptualized variant leveraged enriched commonsense triples generated via abstrac-
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Figure 7.4: VERA evaluation scores of edited LLMs with and without integrating conceptual-
ization.

tion and instantiation prior to the editing process, while the non-conceptualized variant directly
applied MEMIT without these pre-processing steps.

Figure 7.4 demonstrates that the conceptualized variants consistently outperform their non-
conceptualized counterparts, achieving higher plausibility and improved downstream task accu-
racy. These results suggest that the enriched conceptual patterns introduced before editing not
only enhance plausibility but also enable the model to generalize commonsense knowledge to
more complex reasoning tasks, ultimately boosting overall performance [247].

7.5 Conclusions
In this chapter, we presented CONKE, a knowledge editing framework for improving common-
sense reasoning in modern LLMs. CONKE addresses two core obstacles in commonsense editing—
limited knowledge coverage and poor scalability—by coupling automated verification with VERA
and semantic enrichment via conceptualization and instantiation, enabling edits that generalize
beyond isolated surface-form facts. Across intrinsic plausibility evaluation and multiple down-
stream commonsense QA benchmarks, the edited models consistently improve, supporting the
effectiveness of our concept-guided editing pipeline.

Despite these gains, several challenges remain. First, commonsense knowledge is highly
interconnected, so editing a single statement can trigger cascading changes in related concepts,
leading to non-linear interactions that become harder to diagnose as the edited set grows. Sec-
ond, iterative updates introduce the risk of knowledge drift, where successive edits may subtly
conflict with or overwrite earlier edits, highlighting the need for stronger mechanisms to pre-
serve global consistency over time. Third, commonsense often lacks a stable ground truth: it is
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context-dependent, culturally variable, and frequently underspecified, which complicates stan-
dardization and evaluation. Addressing these issues will likely require more globally coordinated
editing objectives, deeper theoretical understanding of edit propagation, and systematic human-
in-the-loop validation to ensure that model updates remain coherent and aligned with broader
consensus.
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CHAPTER 8

FROM CONCEPTUALIZATION TO METAPHYSICAL
REASONING

Conceptualization has served as the backbone of this thesis: it turns concrete events into
reusable abstractions, exposes latent regularities, and enables models to generalize beyond mem-
orized surface forms. Across the earlier chapters, we used this lens to answer a recurring ques-
tion: when the world shifts—even slightly—can a model keep its understanding coherent, trans-
ferable, and controllable? We showed that conceptual structure helps LLMs acquire common-
sense at scale, ground abstractions back into diverse contexts, and even update internal knowl-
edge through targeted edits. Yet these advances also reveal a boundary: conceptualization, by
itself, primarily organizes what is known; it does not fully specify how knowledge should behave
when the underlying situation changes, the distribution shifts, or the model must reason about
consequences under new conditions.

This chapter breaks out of the “kingdom of conceptualization” because the LLM era raises
a more ambitious demand than static generalization: adaptive reasoning under change. Modern
LLMs increasingly act as decision-making components—agents that plan, interact, and revise
beliefs while operating in non-stationary environments. In these settings, robust intelligence is
not only about answering questions in-distribution, but about anticipating how actions, contexts,
and environmental factors transform what follows. A model must judge whether a changed
action is plausible in reality, infer what that change would cause, and determine what further
change is required to restore plausibility when the chain breaks. This capability sits at the core
of planning and controllable behavior, and it is a crucial ingredient of System II reasoning:
deliberate, counter-habitual generalization that remains reliable when assumptions drift.

However, reasoning with distributional change is difficult to study and even harder to evalu-
ate. The space of possible changes is combinatorially large, many changes produce implausible
events that terminate real-world trajectories, and existing benchmarks typically cover only a
narrow set of perturbations or focus on action–state discrimination without modeling the tran-
sition induced by change. To confront this gap, we formalize a new target ability—reasoning
with changes in distribution—as a three-step discriminative process: assessing whether a change
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yields a plausible event, judging whether the resulting inference is plausible, and reasoning about
what additional change would make an implausible inference plausible again. We call this pro-
cess metaphysical reasoning: not in the traditional philosophical sense, but as a practical name
for reasoning that navigates rare, highly abstracted, or reality-violating branches induced by con-
ceptual or numerical shifts.

Crucially, conceptualization is not replaced in this transition—it becomes the central mecha-
nism that makes metaphysical reasoning tractable. Distributional change cannot be enumerated;
it must be represented. By expressing changes through hierarchical abstractions (and structured
numerical/spatial variations), we can cover broad families of perturbations with a small set of
conceptual operations. Conceptualization thus provides the “coordinate system” of change: it
lets us define where a distribution shifts (which event component changes), how severe the shift
is (how abstract the modification becomes), and which consequences should be expected down-
stream. In other words, metaphysical reasoning is the next stage of the thesis argument: once
conceptualization gives models reusable structure, the natural next question is whether mod-
els can reason over that structure when the world moves. Thus, this final chapter answers that
question by introducing a principled formulation and the first large-scale benchmark, MARS,
designed to measure and stress-test LLMs’ ability to remain coherent across feasibility, conse-
quence, and transition under distributional change.

8.1 Introduction
Recent advances in LLMs have demonstrated superior performance in a variety of reasoning
tasks [193, 194, 248–250]. However, to truly achieve conscious processing [251], the integra-
tion of System II reasoning ability [104, 252] is essential as it enables LLMs to perform out-of-
distribution generalization when encountered with unfamiliar scenarios [107]. Among several
components that make up System II reasoning, a critical element of it is the ability to reason with
situational changes in distribution, triggered by environmental factors and actions by themselves
or other agents, when dealing with non-stationarities [253]. It serves as the core ability in plan-
ning tasks [254], which can be achieved by dynamically recombining existing concepts in the
given environment or action and learning from the resultant situational changes [255–257]. For
instance, in the event that “PersonX is driving a car in a sunny day,” a change in the weather from
sunny to rainy could cause a different outcome, such as “PersonX becomes more cautious and
drives slower.” This illustrates that a change in weather conditions can lead to a change in the
driver’s behavior, which represents an environmental change that triggers situational changes
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Caesar ruled the 
Rome emperor for 
more than 10 years

Temporal Quantifier
[Mammal] ruled the 

Rome emperor for 
more than 10 years

[Human] ruled the 
Rome emperor for 
more than 10 years

Caesar ruled the 
[Country] for 
more than 10 

years

[King] ruled the 
Rome emperor for 
more than 10 years

more abstract     human→mammal

more abstract     king→human

more abstract     
Caesar→king

Caesar ruled the 
[Civilization] for 
more than 10 years

Caesar ruled the 
[World] for more 

than 10 years

more abstract      Civilization→World 

Caesar ruled the 
Rome emperor for 

more than [10 
seconds]

Caesar ruled the 
Rome emperor for 

more than [10 
decades]

Caesar ruled the 
Rome emperor for 

more than [10 
centuries]

[Activity] for 
more than 10 years

[Leadership] 
for more than 10 

years

[Domination] 
for more than 10 

years

Sub-events

Caesar Ruled
Rome Emperor

↓
Domination

more abstract      Country→Civilization 
Domination→Leadership 

Leadership→Activity 

Figure 8.1: Examples of changes in event in our formulation. After changes occur, events may
become metaphysical as components are abstracted into high-level concepts, while some remain

plausible in reality.

within the distribution of different weathers.
Though fundamental, the exploration of this ability has been limited due to several factors.

First, the scope for change within an event is vast, with numerous components capable of al-
tering in a wide variety of ways. This results in an overwhelmingly large number of potential
changes that are impossible to fully cover with existing knowledge bases. High-level represen-
tative ontology, such as abstraction [81], can be applied to represent a large number of changes
simultaneously in different components, thereby forming hierarchical distributions. Second,
reasoning with changes in distribution lacks a clear formulation due to its complexity. Unlike
one-step inference reasoning tasks [128], changes in action may lead to implausible events that
cannot occur in reality, thus terminating the reasoning process. Such type of changes require
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extra care when designing evaluation protocols. A multi-step task formulation is necessary to
emulate the entire process. Lastly, there is a lack of a reliable evaluation benchmark. Existing
benchmarks [258, 259] typically focus on a limited number of changes within a few scenarios,
thus limiting the coverage of formed distributions. The changes in actions and states are also
formulated under planning or logical tasks, which neglect transitions (consequences) caused by
changes.

To address these gaps, we take a step forward by formally defining reasoning with changes
in distribution as a three-step discriminative process. We start by defining seven categories of
changes, each corresponding to different components within an event. To semantically cover
more changes in a unified manner, we propose implementing changes by altering each compo-
nent within the event using their abstractions or numerical variations. This approach creates a
hierarchical distribution of various changes, with the abstracted ones offering a more generalized
coverage. Inspired by previous work [107], we formulate reasoning with changes in distribu-
tion as sequentially tasking the model to: (1) assess the plausibility of a potential change in a
given event that describes an action, (2) evaluate the plausibility of an inferential state resulting
from the modified action, and (3) determine the necessary change in an action to convert an
implausible inferential state into a plausible one. This process effectively simulates reasoning
with changes in distribution by sequentially reasoning through the necessary intermediate steps
to comprehend changes. We refer to this process as metaphysical reasoning–a term we adopt
to describe a mode of reasoning that deals with highly improbable or abstract scenarios dis-
tinct from its traditional philosophical meaning or counterfactual reasoning–as it also requires
models to distinguish implausible actions, states, and transitions that exist only in this abstract
“metaphysical” realm, indicating their rare occurrence in reality [260]. We refer to this pro-
cess as metaphysical reasoning, as it also requires models to distinguish implausible actions,
states, and transitions that only exist in the metaphysical realm, indicating their rare occurrence
in reality [260].

We then construct the first evaluation benchmark, MARS, featuring 355K annotated data
across three tasks corresponding to each step. It is constructed by sequentially instructing an
LLM to extract events from Wikitext [261] and BookCorpus [262], identify mutable compo-
nents within each event, generate abstractions and numerical variations for those components,
create a metaphysical inference state based on the changes, and generate the necessary modifi-
cations to make the metaphysical inference plausible in reality. Large-scale human annotations
are then conducted to provide labels of evaluation data entries and verify the quality of our
benchmark. Extensive experiments with over 20 (L)LMs demonstrate that all three tasks in this
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process present significant challenges, even for LMs after fine-tuning. Further analyses reveal
potential reasons for such underperformance and identify possible solutions for enhancing the
metaphysical reasoning abilities of language models.

On feasibility in metaphysical event generation. Another important issue is how to assess
the feasibility of samples generated in the metaphysical reasoning framework. In this thesis, fea-
sibility is not treated as an unconstrained imaginative property, but as an operational judgment
grounded in the compatibility between an event, its modified components, and the resulting in-
ferential state. Concretely, the construction of MARS already imposes several layers of control
before an example is admitted into the benchmark: events are first extracted from naturally oc-
curring text, mutable components are then localized within those events, and modifications are
generated with respect to those components rather than by unconstrained free-form rewriting.
This design narrows the space of possible changes and ensures that the modified events remain
structurally comparable to the original ones.

More importantly, the benchmark does not rely solely on raw LLM generation to determine
whether a modified event or inference is feasible. The generated entries are subsequently sub-
jected to human annotation, which serves as the final quality-control mechanism for deciding
whether the event change is plausible, whether the resulting inferential state is plausible, and
whether the proposed transition can restore plausibility. In this sense, feasibility in MARS is
operationalized through curated discriminative judgments rather than through a claim that the
generation model itself provides a formal proof of realizability. The benchmark is designed to
evaluate whether models can distinguish feasible from infeasible changes, not to assert that every
generated hypothesis is inherently trustworthy prior to annotation.

This distinction is important because metaphysical reasoning lies precisely at the boundary
between abstract variation and real-world constraint. Some modifications are unusual but still
feasible; others are linguistically well-formed but incompatible with physical, social, or com-
monsense regularities. By combining constrained generation with large-scale human verifica-
tion, MARS keeps the evaluation focused on this boundary. The resulting benchmark therefore
reflects feasibility as judged under human commonsense and event-level coherence, which is
appropriate for evaluating language models’ ability to reason about distributional change, even
though it does not amount to a complete symbolic or causal verification framework. Extending
MARS with stronger formal feasibility checkers, such as domain-specific simulators or external
constraint solvers, would be a valuable direction for future work.

In summary, the main contributions of this chapter are three-fold:
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Metaphysical Event Discrimination Metaphysical Inference Discrimination Metaphysical Transition Discrimination

The child is 
chased by a 
[1 meter] 

butterfly on 
the grass

The child is 
chased by a 1 
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[fly] on the 

grass

The child is chased by 
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butterfly on the grass

If the child is 
chased by a [1 

meter] butterfly on 
the grass,
then ???
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is enjoying 
the chase.

the child 
is likely to 

run and 
scream.

If the child is 
chased by a 1 meter 

butterfly on the 
grass

Then, the child is 
enjoying the chase.

butterfly
↓

ladybug

butterfly
↓

kite

Figure 8.2: The three steps in metaphysical reasoning. Our motivation behind this is that, by
conquering all steps sequentially, a conscious agent could answer: (1) Will the change occur in
reality? (2) What will the change cause? (3) What change can make a metaphysical (desired)

inference plausible?

• Task: We introduce the task of metaphysical reasoning, which includes three distinct
subtasks, designed to assess the ability of (L)LMs to reason with changes in distribution.

• Resource: We carefully curate a large-scale evaluation benchmark, MARS, to facilitate
evaluations of LMs’ metaphysical reasoning abilities. The dataset is released.

• Evaluation: We experiment with several (L)LMs to demonstrate the difficulty of our pro-
posed tasks and conduct analysis to identify the reasons behind their underperformance.

8.2 Backgrounds and Related Works
Reasoning about Changes in Distribution. Enabling LMs to understand distributional changes
due to localized causal interventions, particularly in semantic spaces, has long been a crucial
objective in the pursuit of conscious machine intelligence [107, 263]. Previous works have
mainly explored this within the context of discriminating changes between actions and states
with methods such as commonsense knowledge injection [264], event calculus [265], and fuzzy
reasoning [266]. Other studies aim to benchmark this reasoning process through logical rea-
soning tasks [259] and planning tasks [258, 267]. However, these studies only cover changes in
limited formats and scenarios and also overlook the significance of representing changes as a dis-
tribution in relation to different variables in actions. Such loss restricts the out-of-distribution
generalizability of the resulting LMs when facing unfamiliar scenarios. Moreover, previous
evaluations do not cover transitions caused by changes, making subsequent evaluations around
reasoning with changes incomplete. We address these issues by proposing to use the abstraction
or numerical variations of components as changes to form generalizable distributions. We also
design a task in MARS to evaluate LMs’ proficiency in understanding how changes motivate
situational transitions.
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Benchmarking LLMs. The advent of LLMs [40, 41, 95–97] has sparked various studies in
investigating LLM’s potential in a variety of tasks, including text generation [268–270], tempo-
ral reasoning [271, 272], causal reasoning [193, 273, 274], commonsense reasoning [250, 275],
and more [194]. The advent of LLMs [40, 41, 95–97] has sparked various studies in investi-
gating LLM’s potential in a variety of tasks [193, 194, 250, 269, 270, 272]. These studies have
significantly contributed to our understanding of LLMs by evaluating their performance across
diverse tasks, using different scales of parameters and prompting methods [276]. However, there
is an absence of a comprehensive benchmark for assessing the ability of (L)LMs to reason with
changes in distribution. This inspires us to formally define it and introduce the first benchmark
that evaluates such reasoning capabilities of (L)LMs.

8.3 Definitions of Changes in Event and Metaphysical Rea-
soning

Modeling changes within an event is inherently complex due to the infinite number of changes
that can occur. For simplicity, we only consider events that represent an action and study changes
between their inferential states. Given an event 𝑒, we first define seven types of changes that
could transpire within 𝑒. These changes are represented as components of the event, including
its subject 𝑠, verb 𝑣, object 𝑜, temporal quantifier 𝑡, spatial quantifier 𝑙, numerical properties 𝑛,
and sub-events 𝑠𝑒. The original event is denoted as a function of these seven components, 𝑒 =𝑓(𝑠, 𝑣, 𝑜, 𝑡, 𝑙, 𝑛, 𝑠𝑒). A change in the event can be represented by altering one of its components,
for instance, 𝑒′ = 𝑓(𝑠′, 𝑣, 𝑜, 𝑡, 𝑙, 𝑛, 𝑠𝑒) if the change impacts the subject 𝑠′.

To effectively model the distribution of changes across different types of components, we
leverage two types of hierarchical formulations. Specifically, for 𝑠, 𝑣, 𝑜, 𝑠𝑒, we define changes
in these components as conceptualizing their original instance into three concepts with progres-
sively increased abstractedness [108, 277]. For 𝑡, 𝑙, 𝑛, we define their changes as modifications
from their original values to three distinct numerical or spatial values with progressively in-
creased units. This brings a hierarchical structure to changes of a certain component, forming a
distribution that gradually covers more possible changes. Abstracted components, as high-level
concepts, can semantically represent a broader range of combinations for altering an event. Some
running examples of how changes impact an action are shown in Figure 8.1. We then propose
a three-step discriminative process, which we term as Metaphysical Reasoning, to formulate
reason with changes in distribution. The three steps, as shown in Figure 8.2, are:
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(1) Metaphysical Event Discrimination: The first step answers the question, “Will the
change happen in reality?” It aims to determine the plausibility of a change based on a given
event, as alterations in components may lead to implausible events that defy reality. We refer to
such an event, which rarely occurs in reality due to these changes, as a metaphysical event. The
goal of the first task is to discriminate whether the modified event 𝑒′, conditioned on the original
event e with a single altered component 𝑐 ∈ (𝑠, 𝑣, 𝑜, 𝑡, 𝑙, 𝑛, 𝑠𝑒), is metaphysical or not by making
a binary prediction.

(2) Metaphysical Inference Discrimination: Considering that distributional changes occur
in non-stationary environments, a conscious agent should be able to predict the potential out-
comes of the modified event for future reasoning scenarios. Therefore, the second step aims to
answer the question, “What will the altered event result in?” Similarly, we term the inferences of
an event that rarely occurs in reality as metaphysical inference. The objective of the second task
is to determine whether an inferential state 𝑖, triggered by the altered event 𝑒′, is metaphysical or
not by predicting a binary answer. Note that 𝑒′ could be either metaphysical or not, as inferences
in both cases can be evaluated.

(3) Metaphysical Transition Reasoning: Finally, with some inferences remain metaphys-
ical, a conscious agent should be able to plan what change is necessary to make such inference
plausible in reality. This completes the reasoning chain by covering the feasibility, consequence,
and motivation of distributional changes. Thus, the last task answers the question, “What change
is needed to make a metaphysical inference plausible?” We refer to this as metaphysical transi-
tion reasoning and set the objective as to determine whether another change, denoted as 𝑐′, can
make a metaphysical inference 𝑖 plausible in relation to a changed event 𝑒′ by making a binary
prediction regarding 𝑐′.

8.3.1 Differentiation from Philosophical Metaphysics and Counterfactual
Reasoning

In this thesis, we use the term “metaphysical” to describe a specific mode of reasoning that deals
with highly improbable or abstract scenarios, distinct from both its traditional philosophical
meaning and the concept of counterfactual reasoning. Philosophically, “metaphysics” refers to
the study of the fundamental nature of reality, encompassing questions about existence, causal-
ity, and the nature of being [278, 279]. While this classical usage involves conceptual analysis
and abstract thought, our focus diverges significantly. We adopt “metaphysical” to signify rea-
soning that examines transitions between plausible and highly improbable states, emphasizing
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the logical structure and abstracted nature of these transitions rather than ontological or existen-
tial inquiries.

This distinction is important because our framework does not engage with the philosophical
debates about the nature of reality or existence. Instead, it concentrates on how LLMs process
and adapt to scenarios that are rare or abstract yet logically consistent. For example, while meta-
physical reasoning in our context might involve reasoning about a scenario where “a civilization
survives for 100,000 years,” it does not explore the metaphysical nature of time, existence, or
causality in a philosophical sense.

Furthermore, our concept of metaphysical reasoning is distinct from counterfactual reason-
ing. Counterfactual reasoning involves evaluating “what if” scenarios that diverge from known
realities but remain bounded by plausible causal relationships [280, 281]. For example, a coun-
terfactual might consider, “What if Caesar had lost the battle of Pharsalus?”–a scenario grounded
in historical plausibility. In contrast, metaphysical reasoning in our framework extends beyond
plausibility to explore scenarios that are structurally coherent but unlikely or abstract, such as
“What if Caesar ruled for a millennium?” Here, the focus is not on causal plausibility but on the
ability to evaluate transitions to rare, abstract, or highly improbable states.

This differentiation between “metaphysical” in our framework, metaphysics in philosophy,
and counterfactual reasoning underscores the novel challenges our benchmarks aim to address.
By pushing LLMs to reason about transitions into abstract or improbable scenarios, we aim to
probe and enhance their capabilities for adaptive, out-of-distribution reasoning – a necessary
step toward achieving generalizable System II reasoning.

8.4 MARS Benchmark Curation Pipeline
We then introduce our sequential pipeline for curating the MARS benchmark. An overview of
our curation pipeline is shown in Figure 8.3. To guarantee a comprehensive coverage of events
across various domains and topics, we source original text from two publicly available large
corpora: Wikitext [261] and BookCorpus [262]. We filter out noisy text that includes hashtags
and hyperlinks and segment long text into sentences with no more than 200 tokens to facilitate
future processing.

8.4.1 Text Decomposition and Extraction

We first perform text decomposition [282, 283] to break down lengthy text into semantically
complete short events, which are then used for fine-grained component extraction. To enable
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4.1 Event Decomposition

<Source Text About Caesar>

Event: Caesar ruled the Rome 
emperor for more than 10 
years

4.1 Component Extraction

Event: Caesar ruled the Rome 
emperor for more than 10 years

Subject: Caesar | Verb: rule | 
… Temporal: more than 10 
years | …

4.2 Component Abstraction / Variation
Event: <Caesar> ruled the 
Rome emperor for more than 10 
years
Original: Caesar
Abstraction: King, Human, 
Mammal

4.3 Inference Generation

Event: If <King> ruled the 
Rome emperor for more than 10 
years

Inference: people admired his 
leadership.

4.3 Metaphysical Inference Generation
Event: If <King> ruled the 
Rome emperor for more than 10 
years
Metaphysical Inference: his 
people suffer from chaos and 
instability.

4.4 Metaphysical Transition Generation

If <King> ruled the Rome emperor for 
more than 10 years, then his people suffer 
from chaos and instability?

Transition: more than 10 years 
-> less than 10 days (temporal 
quantifier)MARS

4.5 Human Annotation & Expert Verification

Amazon MTurk

Expert

(Candidate Data)

Meta. Event Discrim.
Meta. Inference 
Discrim.
Meta. Transition 
Discrim.

Figure 8.3: An overview of our benchmark curation pipeline with running examples.

large-scale processing, we use ChatGPT [40], a powerful LLM with strong text understand-
ing abilities, as the core processor for all stages. For each stage, we guide it with a few-shot
prompt [32, 42] by creating task-specific explanations and exemplars:

<TASK-PROMPT>
<INPUT1><OUTPUT(1,1)> … <OUTPUT(1,𝑁1)>
<INPUT2><OUTPUT(2,1)> … <OUTPUT(2,𝑁2)>
…
<INPUT10><OUTPUT(10,1)> … <OUTPUT(10,𝑁10)>
<INPUT11>

To perform text decomposition, <TASK-PROMPT> clarifies the goal to ChatGPT, which in-
volves extracting semantically complete actions from the given text. <INPUT1−10> and
<OUTPUT1−10> are filled with 10 pairs of human-crafted examples, each containing several ac-
tion events extracted from text sampled from Wikitext and BookCorpus. ChatGPT is expected to
learn from these examples and use them as a guide to extract action events (<OUTPUT(11,1−𝑁)>)
from the final input text (<INPUT11>). For component extraction, we adjust <TASK-PROMPT>
to define the task of extracting the seven components from a given event. We populate
<INPUT1−10> and <OUTPUT1−10> with 10 pairs of events and seven comma-separated lists of
components extracted from the event, each corresponding to one type of components defined in
§8.3. ChatGPT then extracts seven lists of components for the final given event (<INPUT11>).
If any type of component is absent, “None” will be generated instead.

8.4.2 Component Abstraction and Variation

The next step is designed to implement changes within the event by altering its components,
extracted from the previous step, by generating their abstractions or numerical variations. Fol-
lowing prior work [98], we guide ChatGPT by modifying <TASK-PROMPT> with the objective
of generating abstract concepts for 𝑠, 𝑣, 𝑜, 𝑠𝑒 and numerical variations for 𝑡, 𝑙, 𝑛 within a specified
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Dataset / Task #Text #Event #Avg.Token #Train #Dev #Test #Total. #Unlabel. Expert.

AbsATM [78] N/A 7,196 1.060 107,384 12,117 11,503 131,004 372,584 N/A
AbsPyramid [81] N/A 16,944 1.690 176,691 22,050 22,056 220,797 0 N/A
Meta. Event. 9,998 55,190 1.040 96,004 12,013 11,982 119,999 329,540 94.0%

AbsATM [78] N/A 7,196 6.413 65,386 8,403 7,408 81,197 5,921,195 N/A
Meta. Inference. 9,837 35,528 10.40 96,009 12,010 11,981 120,000 497,590 96.5%

Propara [284] 9,051 9,051 N/A 7,043 913 1,095 9,051 0 N/A
TRAC [259] 15,000 15,000 N/A 10,000 2,000 3,000 15,000 0 N/A
PlanBench [258] 26,250 26,250 N/A 0 0 26,250 26,250 0 N/A
Meta. Transition. 9,677 31,447 1.810 92,495 11,563 11,560 115,618 273,474 93.5%

Table 8.1: Statistics of the MARS benchmark in comparison against other benchmarks. Meta.
refers to three tasks in MARS. Expert. refers to expert verification results.

event. For each <INPUT1−10> and <OUTPUT1−10> pair, we populate the input with a specific
event and one of its components. The output consists of three human-authored component ab-
stractions or numerical variations that align with the event’s context. Subsequently, ChatGPT is
tasked with generating three abstractions or numerical variations for the final pair of the given
event and a component within the event (<INPUT11>). Replacing the original components in
the event with their generated changes forms changed event candidates for the metaphysical event
discrimination task.

8.4.3 Inference Generation

We then collect inferential states of the modified events by similarly instructing ChatGPT to au-
tonomously generate them. For each altered event, we prompt ChatGPT to separately generate
one plausible inference and one metaphysical inference. We first modify <TASK-PROMPT> to
generate a state that could potentially be caused by the altered event, and populate <INPUT1−10>
with 10 modified events and <OUTPUT1−10> with 10 corresponding plausible inferences au-
thored by human experts. ChatGPT is then requested to generate an additional plausible state
inference for the given changed event (<INPUT11>). Next, we adjust <TASK-PROMPT> to
generate a metaphysical state that is infrequently caused by the changed event in reality, yet re-
mains contextually relevant. We replace <OUTPUT1−10> with 10 metaphysical inferences and
then collect a metaphysical inference from ChatGPT. This, along with the generated plausible
inference, forms two candidate data entries for each changed event in the metaphysical inference
discrimination task.
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Figure 8.4: Hypernym distribution of the top 5,000 popular component variations.

8.4.4 Metaphysical Transition Generation

Given that half of the inferential states generated in the previous step remain metaphysical, we
then collect the additional changes necessary to transform these states into plausible real-world
inferences. We adjust the <TASK-PROMPT> to describe such required changes and populate
<INPUT1−10> with 10 pairs of modified events and their corresponding metaphysical infer-
ences. <OUTPUT1−10> are filled with 10 corresponding human-authored changes in events that
can render the inferences plausible. Subsequently, ChatGPT generates the required change for
the final pair of the modified event and its metaphysical inference (<INPUT11>). Note that the
generated change still needs to be one of the seven types we defined in §8.3. We collect one
additional change for each metaphysical inference and use it as a candidate data entry for the last
task. However, we discard event and inference pairs that ChatGPT deems impossible to render
plausible, even with an additional change.
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8.4.5 Human Annotations

Annotation: Finally, we carry out large-scale human annotations to label candidate data for
each task via Amazon Mechanical Turk (AMT). We provide detailed instructions with examples
to qualified workers and task them with annotating (1) the plausibility of the changed events gen-
erated in §8.4.2, (2) the plausibility of the plausible/metaphysical inferences produced in §8.4.3,
and (3) the plausibility of the transitions generated in §8.4.4. We collect five votes for each entry
and the majority vote is used as the final label. The overall inter-annotator agreement (IAA) is
81% in terms of pairwise agreement, and the Fleiss Kappa [285] is 0.56, indicating sufficient
agreement.

Expert Verification: To verify the quality of our collected labels, we recruit three postgraduate
students with rich experience in NLP to perform a second round annotation. Each of them is
asked to annotate a sample of 100 data entries for each task, following the same instructions
provided to the AMT annotators. Results in Table 8.1 show that, on average, 93.67% labels
collected from human annotations align with the expert’s vote, demonstrating the reliability of
our collected labels.

8.5 Evaluations and Analysis

8.5.1 MARS Statistics

Table 8.1 presents statistics of the MARS benchmark, which comprises a total of 355,617
annotated data distributed across three tasks. We partition the annotated data into training, de-
velopment, and testing splits following an 8:1:1 ratio, ensuring there is no overlap of text and
events between the different splits to preserve the evaluation’s generalizability. On average,
1.04 tokens are generated to describe changes in action for the metaphysical event and transition
discrimination tasks, while 10.4 tokens are used for inferences in the metaphysical inference
discrimination task. To the best of our knowledge, we are the first in proposing such a triad
of tasks concurrently within a single benchmark. To compare MARS with other datasets,
we select those with analogous task objectives for each task and compare them individually.
We find MARS tends to be significantly larger than other benchmarks, covering a broader
range of events and providing training sets for evaluating the performance of fine-tuned models.
Each task contains over 90,000 training data and more than 10,000 data for validation and test-
ing. Unannotated data remain unlabeled for future research, such as proposing semi-supervised
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Backbone Training Data Event Inference Transition
Acc AUC Ma-F1 Acc AUC Ma-F1 Acc AUC Ma-F1

DeBERTa
435M

Zero-shot 58.27 49.88 45.87 47.73 49.94 44.44 50.73 46.96 46.15
CANDLE 57.94 58.22 57.31 59.43 59.03 58.18 62.00 62.19 61.50

MARS 64.45 64.16 63.27 69.57 71.15 69.33 72.93 74.00 72.01
CANDLE + MARS 64.95 64.27 63.74 71.85 73.32 71.64 74.39 77.97 73.30

VERA
11B

Zero-shot 41.82 50.48 38.52 60.97 62.54 59.09 61.31 66.32 61.17
CANDLE 57.81 57.24 56.77 56.59 56.08 55.25 59.79 59.88 59.19

MARS 61.95 61.43 60.81 63.90 66.93 70.84 71.75 74.57 73.27
CANDLE + MARS 62.21 61.77 61.17 71.45 74.46 67.61 73.95 77.35 78.26

LLaMa-3
8B

Zero-shot 50.62 - 49.12 51.33 - 50.98 51.95 - 51.07
CANDLE 56.47 56.75 56.07 58.29 57.81 57.00 58.74 58.81 58.19

MARS 60.06 60.54 59.58 65.76 67.88 65.72 69.83 74.59 68.74
CANDLE + MARS 60.93 60.80 60.12 69.13 70.84 72.12 74.09 79.38 71.42

Table 8.2: Evaluation results (%) of transfering knowledge from CANDLE to aid MARS.
The best performances among each method is underlined and best ones among all methods are

bold-faced.

methods [85, 286] to tackle MARS. To further illustrate the diverse coverage of events and
changes in MARS, we match each component variation against hypernyms in Probase [62]
and plot their distribution according to their number of occurrences in Figure 8.4. Our results
indicate that MARS covers over 170,000 hypernyms in Probase, spanning broad categories
such as event, activity, concept, unit, etc.

8.5.2 Main Evaluations on MARS

Task Setup and Model Selections

We then experiment with a selection of (L)LMs to investigate their performances on our cu-
rated MARS benchmark. Accuracy, AUC, and Macro-F1 scores are used as evaluation met-
rics. Following the task definitions in §8.3, each task is assessed as a binary classification task.
The models are tasked with determining (i) whether a modified event qualifies as a metaphysi-
cal event, (ii) whether the inference drawn from the modified event is a metaphysical inference,
and (iii) whether changes in the event motivate the transition from a metaphysical inference to
a plausible inference. For unbiased evaluations, we use accuracy, ROC-AUC, and Macro-F1
scores as evaluation metrics.

The evaluation of different models are categorized into three types: (1) ZERO-SHOT: We
first evaluate several (L)LMs in a zero-shot manner. For small-sized Pre-Trained Language
Models (PTLMs), we evaluate DeBERTa-v3 [77], GPT2 [91], CAR [111], CANDLE [98], and
VERA [102], following the design of zero-shot question answering [35]. For LLMs, we evalu-
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ate LLaMa2, LLaMa3, LLaMa3.1 [96, 97, 224], Gemma [110], Falcon [287], and Mistral [213]
using direct zero-shot prompting [194]. (2) FINETUNING: We then assess the performance of
(L)LMs when fine-tuned on the training set of MARS. For PTLMs, we fine-tune DeBERTa,
GPT2-xl, and VERA. For LLMs, we fine-tune LLaMa2, LLaMa3, Gemma, and Mistral using
LoRA [214]. (3) LLM API: Finally, we evaluate the performance of GPT-4 [41] and GPT-4o-
mini [223], which represent proprietary LLMs, under zero-shot, five-shots, Chain-of-Thought
prompting (COT [196]), and Self-Consistent COT (SC-COT [216]) settings. For LLaMa3.1-
70B and GPT-4o-mini, we also test their performances with RAG [288], Multi-agent Calibra-
tion [289], and Self Reflection [290]. We also add Random and Majority voting to illustrate the
characteristics of MARS.

Results and Analysis

Evaluation results are reported in Table 8.5. From the results, we observe that: (1) Most mod-
els exhibit subpar performance under the zero-shot setting. Among PTLMs, only VERA
delivers acceptable results across all three tasks, while the rest significantly underperform. This
indicates the extreme difficulty of our proposed metaphysical reasoning tasks. Though models
fine-tuned on commonsense knowledge and conceptualizations, such as CAR and CANDLE,
show some improvement compared to their DeBERTa-v3-Large backbone, these performances
are still unsatisfactory, even falling below the level of majority voting. For instance, CAR’s ac-
curacy improves by 3.63%, 0.6%, and 2.24% on the three tasks. For LLMs, improving training
paradigms and increasing the number of parameters can indeed help achieve better performance.
Nevertheless, all models perform poorly across all tasks in MARS, emphasizing the diffi-
culty of our tasks. (2) Fine-tuning only offers limited benefits. With fine-tuning, all models
improve significantly. For example, DeBERTa-Large’s accuracy increases by 16.18%, 21.84%,
and 22.2% on three tasks, respectively. However, the best results for all tasks are still capped at
around 74%, indicating a shared difficulty and significant room for future enhancements. One
potential reason for this is that, since we split the data according to the source of text in Wikitext
and BookCorpus, the distribution between different splits may differ significantly, as the domain
and topics could be diverse from each other. (3) The GPT series models underperform com-
pared to other LLMs, and COT does not consistently aid performance. Surprisingly, GPT
series models fall short when compared to open LLMs, such as LLaMa-3-70B. One possible
explanation is that negative examples in MARS are sourced from ChatGPT’s generation and
are obtained via post-human annotation. This makes it challenging to discriminate as these neg-
ative examples contradict GPT’s internal knowledge. Advanced prompting methods only offer
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Component Type Identified Modified
ME. MI. MT. #Avg. ME. MI. MT. #Avg.

Subject 4,376 3,907 3,507 1.116 3,106 2,950 2,591 1.094
Verb 9,874 8,856 8,061 3.647 4,408 4,146 3,760 3.457
Object 12,645 11,302 9,986 1.760 5,949 5,494 4,865 1.703
Temporal Quantifier 3,003 2,560 2,288 0.472 1,394 1,253 1,110 0.435
Spatial Quantifier 3,866 3,741 3,301 0.459 2,064 1,979 1,718 0.476
Numerical Properties 5,619 4,932 4,355 0.652 3,570 3,353 2,920 0.612
Sub-events 419 385 326 0.040 425 402 332 0.037

Total 39,802 35,683 31,824 8.146 20,916 19,577 17,296 7.814

Table 8.3: Number of unique components by type in annotated splits of MARS. #Avg. refers
to the average number of unique identified/modified component per event.

limited improvement in performances.

8.6 Analysis

8.6.1 Transferring from Conceptualization

Improving the performance of LLMs on MARS requires extensive fine-tuning on large-scale
human-annotated data, making it non-trivial. Since we observe that approximately 80% of ac-
tion changes are executed by modifying a component along with its abstracted concepts (see
Table 8.3), we first study whether exposing LLMs to more conceptualizations and abstract knowl-
edge can enhance their metaphysical reasoning capabilities. For this purpose, we select CAN-
DLE [98] as the knowledge source, which is an automatically constructed knowledge base con-
taining 382K conceptualizations of events and abstract inferential knowledge. We first convert
event-conceptualization pairs into the task format of metaphysical event discrimination and re-
format commonsense inferential knowledge to align with the objectives of the metaphysical in-
ference and transition discrimination tasks.

Three backbone models are then fine-tuned separately on CANDLE and MARS. Another
group is sequentially fine-tuned on CANDLE and then on MARS. All models are then eval-
uated on the testing set of MARS, with the results reported in Table 8.2. From the results, a
significant improvement is observed across all tasks when the models are sequentially fine-tuned
on CANDLE and MARS, compared to solely fine-tuning on CANDLE or MARS.

These findings indicate that the transfer of conceptualizations and abstract knowledge from
CANDLE effectively enhances the performance of LMs in metaphysical reasoning tasks. Since
CANDLE is constructed by distilling from an LLM without human labor, this opens up a scalable
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Figure 8.5: Performances by component types of fine-tuned LLaMa3-8B on three tasks
of MARS.

and cost-efficient approach to improving the metaphysical reasoning capabilities of LLMs.

8.6.2 Impact of Component Types

We then analyze the performance of LLMs on each component type to understand the reasons
for their subpar performance. We select LLaMa-3-8B as the representative model and compare
its accuracy on each component type when fine-tuned on MARS and CANDLE + MARS.
The results are illustrated in Figure 8.5. We observe that while pre-training the model on CAN-
DLE consistently enhances performance, LLaMa3 still struggles when reasoning with changes
in spatial quantifiers, temporal quantifiers, and numerical properties. This is in line with recent
studies that demonstrate weaknesses in temporal and numerical reasoning for LLMs [271, 291].
Another possible reason is that since CANDLE only contains conceptualizations for subjects,
verbs, objects, and sub-events in social events, pre-training models on it cannot provide benefits
for the aforementioned aspects of change. Moreover, we only observe limited improvement for
the metaphysical event discrimination task. Future works could focus on how to further enhance
LLM’s metaphysical reasoning capabilities in these weaker dimensions.

8.6.3 Error Analysis of GPT-Series Models

Finally, we select GPT4 as a representative model and conduct a manual analysis to identify the
causes of errors by categorizing the mistakes found in their COT responses. We sample 150
COT responses from each task, all of which result in inconsistent results compared to human
annotated labels and present our classifications of these errors as follows:

• Hallucinations: 41.7% of errors are caused by factual or metaphysical hallucinations by
GPT4, where it creates a context that accommodates changes in actions and inferences
that are not mentioned in the original text [292, 293]. For instance, in the event “The poet
enjoys writing poems about western festivals,” GPT4 incorrectly interprets the poet as Du
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Fu, an ancient Chinese poet. This leads to a conflict when reasoning about his life and the
subsequent inference “He was famous in the west,” resulting in faulty reasoning.

• Confusion between Concepts and Hypernyms: 36.3% errors are attributed to GPT4’s
tendency to perceive abstract components within changed actions as hypernyms that fulfill
the change, without considering all potential entities within the original concept. For in-
stance, in a modified event, “He jumps down from very high altitude and lands peacefully,”
GPT4 interprets very high altitude as a diving platform, deeming it plausible. However,
this concept could also encompass high buildings, which would not be suitable for the
event.

• Internal Conflict: 17.7% errors are attributed to internal conflicts within GPT4’s rea-
soning rationales, as well as inconsistencies between the binary predictions made and the
corresponding reasoning rationales.

• Annotation Error: 4.3% errors are erroneously identified due to incorrect labels, poten-
tially caused by spamming or a misunderstanding of the task by human annotators.

8.6.4 Multi-task Fine-tuning on MARS

Setup

To achieve conscious processing, an ideal language model should be capable of performing three
tasks uniformly and sequentially. However, fine-tuning each task separately contradicts this ob-
jective, as it results in a model that can only perform one task after one training. Therefore,
in this section, we investigate the possibility of enabling a language model to master all tasks
simultaneously through multitask fine-tuning. Given that all three tasks are binary classification
tasks, we adopt a straightforward approach. The language model is trained using a randomly
shuffled combination of training data from all three tasks. This anticipates that the model will
learn all tasks collectively. The best checkpoint is chosen based on achieving the highest accu-
racy on the validation sets of all three tasks. After training, the model performance is evaluated
separately on the testing sets of each task.

Results and Analysis

The results are presented in Table 8.6. Upon analyzing these results, we observe that LLMs
fine-tuned in a multi-task setting generally outperform those simply fine-tuned on the respective
training data for each task. This observation is interesting as it suggests that training the model
uniformly across all three tasks can enhance the entire process simultaneously, thereby improv-
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Data Split Evaluation Method Event-ACC Inference-ACC Transition-ACC
MARS Zero-shot 53.90 51.20 49.41
MARS Few-shot 49.85 51.47 48.88
MARS-Claude Zero-shot 54.50 54.00 53.50
MARS-Claude Few-shot 56.00 55.50 54.00
MARS-LLAMA3.1 Zero-shot 52.00 56.50 56.50
MARS-LLAMA3.1 Few-shot 55.50 57.50 58.50

Table 8.4: Evaluation results (%) of GPT-4o on MARS constructed with different backbone
LLMs.

ing reasoning with changes in distribution. This implies that LLMs can potentially mimic human
learning abilities, which are better equipped to reason with changes by collectively understand-
ing the feasibility, consequence, and necessity of such changes. Such a phenomenon indirectly
indicates that our task formulation is indeed interconnected and collectively forms a reasoning
pipeline. However, it’s important to note that this improvement is only marginal. LLMs still
exhibit limited metaphysical reasoning ability, particularly in the metaphysical event discrimi-
nation task. More advanced methods are still required to enable LLMs to achieve metaphysical
reasoning.

8.6.5 Few-shot Fine-tuning on MARS

Setup

From the main evaluation results in Table 8.5, it is evident that fine-tuning consistently enhances
the performance of all models on MARS. In this section, we delve deeper into the impact of
fine-tuning in a few-shot setting, with the aim of analyzing the performance of models trained
with limited data. More specifically, we aim to examine how models perform with varying
sizes of training data. This will enable us to determine whether collecting more data invariably
benefits fine-tuning, thereby leading to the development of more robust metaphysical reasoners.
To achieve this, we sample the training data for each task in a progressively increasing ratio of
0.2, 0.4, 0.6, 0.8, and 1.0, and use each sampled training data to fine-tune LLMs for each task
individually. The models are then evaluated on the complete validation sets to select the optimal
checkpoint, and on the full testing set for performance assessment.

Results and Analysis

The results are reported in Table 8.7. From these results, we observe that training the model with
a few-shot training data sample generally has a negative impact across all tasks in MARS.
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However, this impact is not significant, and on rare occasions, the sampled training data even
leads to superior results compared to training on the full sets. When the training data is reduced
to different ratios (80%, 60%, 40%, and 20%), the performance of the models is not significantly
affected. This suggests that the models are capable of learning from a small amount of training
data and that performance is not significantly influenced by the size of the training data. In
other words, annotating more data for training does not necessarily result in better performance,
indicating that our task cannot be simply resolved by increasing training data. Future research
can explore more advanced reasoning paradigms or training methods to further enhance the
capabilities of LLMs in metaphysical reasoning.

8.6.6 Fine-tuned PTLMs vs. Fine-tuned LLMs

To validate the reason why fine-tuned PTLMs perform better than fine-tuned LLMs, we first hy-
pothesis that PTLMs have a faster convergence rate to the training data due to their smaller num-
ber of parameters and fully fine-tuned paradigm (compared to LoRA when fine-tuning LLMs).
This results in better fine-tuned performance than LLMs. Although LLMs have lower perfor-
mance, they exhibit stronger generalizability to other tasks. We fine-tune a DeBERTa-v3 model
with 25% and 50% of the training data and observed their performance in Table 8.7. From the
results, we observe that when we reduce the training data for PTLMs, they are hardly compara-
ble to fine-tuned LLMs. However, the last 50% of randomly sampled data brought significant
improvements. While we cannot determine the exact reason due to the black box nature of these
language models, we believe that PTLMs have a faster rate of fitting into the distribution of
the training data or human annotations, resulting in better outcomes on human-annotated eval-
uation sets. LLMs are more likely to learn how to make correct inferences rather than simply
fitting the data. Another possible reason is that we use LoRA to fine-tune LLMs due to limited
computational resources; fully fine-tuning LLMs might further enhance their performance.

8.6.7 Inherent Bias in MARS Construction

One concern regarding the MARS benchmark is the potential bias introduced by using GPT-
series models, specifically ChatGPT, for dataset construction. Our approach to constructing MARS
was guided by the need to balance scalability with quality. In pilot studies evaluating metaphys-
ical reasoning across various models, GPT-series models consistently demonstrated the highest
levels of creativity and reliability. Based on these findings, we selected GPT as the primary
backbone for data generation. Constructing MARS, however, required extensive manual an-
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notation, as LLMs often fail to provide accurate labels for complex reasoning tasks. This manual
verification process made it impractical to create multiple versions of MARS using differ-
ent backbone LLMs due to expensive human labors required. Thus, to address concerns about
potential biases arising from reliance on ChatGPT, we conducted additional experiments by
constructing two smaller versions of the MARS benchmark. These alternative benchmarks
utilized data generated from two different LLMs, Claude-3.5-sonnet [294] and LLAMA 3.1-
70B [224], in each step, to obtain 200 evaluation data entries per task in MARS. All samples
underwent expert annotation to collect ground-truth labels. We then evaluate GPT-4’s zero-shot
and few-shot performance on these alternative benchmarks alongside the original MARS.

The results are shown in Table 8.4. We observe that using different LLMs as backbones
for MARS construction results in similar performance by GPT-4 across zero-shot and few-
shot settings. Overall, the difficulty of the MARS benchmark remains robust and consistent,
irrespective of the backbone LLM used during dataset generation. These experiments demon-
strate that the reliance on ChatGPT for the original MARS construction does not compromise
the benchmark’s validity or difficulty. The results reinforce the reliability of MARS as a com-
prehensive test of metaphysical reasoning, with its complexity surpassing any potential biases
introduced by the specific LLM used in data collection.

8.6.8 Binary Task Design in MARS

In MARS, all tasks are designed as a binary prediction task to facilitate automated and easy
label collection and evaluation. Here, we discuss the reason and some pilot analysis behind
such task design by considering other task formulations, including multiple-choice, open-ended
generation, and binary evaluation.

Multiple-choice tasks, while structured and amenable to automated evaluation, posed sig-
nificant challenges in collecting high-quality negative (distractor) options. Relying on human
annotators to create distractors proved labor-intensive and impractical for scaling, as it required
drafting multiple plausible but incorrect options for each question. As a result, we adopted open-
ended generation and binary evaluation, ultimately choosing a generate-then-annotate paradigm.
This approach involved two stages: first, evaluating the performance of LLMs in generating
metaphysical cases during the generation phase; second, annotating the generated cases with
binary labels (correct/incorrect).

To complement the binary evaluation results, we also included human annotation results for
ChatGPT’s performance in generating metaphysical data, as indicated in the Majority row of Ta-
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ble 8.5, which can be regarded as following a generative task paradigm. The results demonstrate
that, even when the task is framed as a generation task, ChatGPT struggles with metaphysical
reasoning. The low proportion of human-annotated correct generations highlights the difficulty
of reasoning about metaphysical changes, regardless of task formulation. While binary evalu-
ation offers clear performance metrics and scalability advantages, the generation task provides
complementary insights into the model’s creative and reasoning capabilities. Together, these ob-
servations underscore the importance of improving LLMs’ ability to reason about distributional
and situational changes, which is crucial for advancing their metaphysical reasoning capabilities.

8.7 Case Studies
In this section, we present some examples for each of the three tasks in MARS to help readers
better understand our benchmark. The examples are displayed in Table 8.8. We observe that
examples in MARS typically require careful reasoning and consideration of the plausibility
of occurrences in reality or the metaphysical realm to make the correct discrimination.

8.8 Conclusions
In conclusion, this chapter proposes Metaphysical Reasoning to delineate the process of reason-
ing with changes in distribution and construct MARS as the associated evaluation benchmark
in a non-trivial manner. Our extensive experiments show the difficulty of our proposed task,
which cannot be easily addressed through advanced prompting and fine-tuning. Further anal-
ysis reveals why LMs encounter difficulties with metaphysical reasoning tasks and suggests a
potential avenue for improvement. We hope to illuminate the path toward achieving conscious
processing in LLMs through System II reasoning by effectively comprehending changes in dis-
tribution.
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Methods Backbone Event Inference Transition
Acc AUC Ma-F1 Acc AUC Ma-F1 Acc AUC Ma-F1

Random - 50.00 - 49.56 50.00 - 49.56 50.00 - 49.56
Majority - 60.98 - 37.99 58.56 - 36.93 50.25 - 33.37

PTLM
(Zero-shot)

RoBERTa-Base 211M 38.60 49.40 27.90 44.30 55.11 30.80 51.13 53.37 38.36
RoBERTa-Large 340M 38.57 50.94 27.83 44.37 56.49 30.73 50.90 53.08 33.92
DeBERTa-Base 214M 60.55 49.41 42.89 50.10 47.57 48.96 49.05 41.32 33.19
DeBERTa-Large 435M 48.27 49.88 45.87 47.73 49.94 44.44 50.73 46.96 46.15
GPT2-XL 1.5B 38.62 51.12 27.93 44.40 51.88 31.45 49.92 48.35 48.09
CAR 435M 54.63 49.34 49.96 48.33 42.85 41.93 52.97 35.05 46.94
CANDLE 435M 51.90 49.12 50.30 46.77 44.03 38.48 53.49 34.95 47.95
VERA 11B 51.82 50.48 48.52 60.97 62.54 59.09 61.31 66.32 61.17

PTLM
(Fine-tuned)

RoBERTa-Base 211M 63.32 62.76 61.76 69.08 70.54 68.90 71.24 72.73 70.65
RoBERTa-Large 340M 64.22 63.18 62.62 69.04 70.63 68.90 69.68 71.70 68.73
DeBERTa-Base 214M 63.82 63.98 63.39 69.50 70.59 69.31 71.96 73.85 71.17
DeBERTa-Large 435M 64.45 64.16 63.27 69.57 71.15 69.33 72.93 74.00 72.01
GPT2-XL 1.5B 46.68 47.63 46.96 43.70 44.22 30.41 44.57 45.03 45.89
VERA 11B 61.95 61.43 60.81 63.90 66.93 70.84 71.75 74.57 73.27

LLM
(Zero-shot)

Meta-LLaMa-2-7B 50.64 - 41.41 49.87 - 49.23 50.94 - 50.64
Meta-LLaMa-2-13B 51.50 - 49.48 50.81 - 50.57 50.81 - 50.80
Meta-LLaMa-2-70B 52.40 - 49.03 56.13 - 46.81 48.45 - 48.34
Meta-LLaMa-3-8B 50.62 - 49.12 51.33 - 50.98 51.95 - 51.07
Meta-LLaMa-3-70B 57.41 - 50.59 63.40 - 61.82 60.15 - 60.01
Meta-LLaMa-3.1-8B 51.01 - 50.27 52.13 - 51.29 52.35 - 52.09
Meta-LLaMa-3.1-70B 59.22 - 52.08 63.61 - 61.90 61.28 - 61.03

+RAG 61.21 - 54.51 66.38 - 65.90 61.53 - 61.22
+Multi-Agent 56.12 - 51.08 65.06 - 65.01 62.54 - 62.19
+Self-reflection 57.94 - 53.17 63.91 - 63.51 60.92 - 60.77

Meta-LLaMa-3.1-405B 60.01 - 52.99 64.52 - 63.23 61.74 - 61.76
Gemma-2-9B 56.88 - 48.53 51.83 - 51.76 49.41 - 45.01
Falcon-7B 54.32 - 49.51 51.77 - 50.30 50.42 - 49.02
Falcon-40B 52.35 - 50.36 49.67 - 49.38 50.27 - 50.22
Mistral-7B 49.90 - 48.94 50.23 - 50.06 51.75 - 51.75

LLM
(Fine-tuned)

Meta-LLaMa-2-7B 60.10 59.90 59.00 63.51 66.44 62.55 66.06 70.38 65.12
Meta-LLaMa-2-13B 60.67 60.64 60.00 64.61 67.67 63.59 68.22 72.19 66.37
Meta-LLaMa-3-8B 60.06 60.54 59.58 65.76 67.88 65.72 69.83 74.59 68.74
Gemma-2-9B 61.23 61.25 60.28 69.24 70.76 69.00 73.30 76.91 69.18
Mistral-7B 60.35 60.77 60.07 66.91 70.06 65.95 71.87 75.47 68.53

LLM
(API)

ChatGPT 51.00 - 50.35 61.35 - 57.63 60.40 - 60.12
ChatGPT (5-shots) 53.61 - 53.28 58.05 - 57.42 62.40 - 59.35
ChatGPT (COT) 53.20 - 52.61 50.40 - 50.32 49.95 - 49.83
ChatGPT (SC-COT) 53.98 - 53.47 52.47 - 51.99 51.25 - 51.13
GPT4 53.90 - 53.45 51.20 - 50.95 49.41 - 49.33
GPT4 (5-shots) 49.85 - 49.58 51.47 - 51.30 48.88 - 48.73
GPT4 (COT) 51.28 - 50.73 51.49 - 51.35 47.62 - 47.58
GPT4 (SC-COT) 51.97 - 51.26 52.05 - 52.27 48.24 - 48.11
GPT-4o-mini 57.94 - 57.91 53.84 - 53.53 48.06 - 48.06

+RAG 59.99 - 59.97 54.54 - 54.21 49.39 - 49.19
+Multi-Agent 54.21 - 53.17 52.76 - 52.26 46.94 - 46.70
+Self-reflection 56.89 - 55.21 53.22 - 53.20 48.51 - 48.45

Table 8.5: Evaluation results (%) of various language models on the testing sets of MARS.
The best performances within each method are underlined and the best among all methods are

bold-faced.
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Methods Backbone Event Inference Transition
Acc AUC Ma-F1 Acc AUC Ma-F1 Acc AUC Ma-F1

Random - 50.00 - 49.56 50.00 - 49.56 50.00 - 49.56
Majority - 60.98 - 37.99 58.56 - 36.93 50.25 - 33.37

LLM
(Zero-shot)

Meta-LLaMa-2-7B 50.64 - 41.41 49.87 - 49.23 50.94 - 50.64
Meta-LLaMa-2-13B 51.50 - 49.48 50.81 - 50.57 50.81 - 50.80
Meta-LLaMa-2-70B 52.40 - 49.03 56.13 - 46.81 48.45 - 48.34
Meta-LLaMa-3-8B 50.62 - 49.12 51.33 - 50.98 51.95 - 51.07
Meta-LLaMa-3-70B 57.41 - 50.59 63.40 - 61.82 60.15 - 60.01
Gemma-1.1-7B 56.88 - 48.53 51.83 - 51.76 49.41 - 45.01
Falcon-7B 54.32 - 49.51 51.77 - 50.30 50.42 - 49.02
Falcon-40B 52.35 - 50.36 49.67 - 49.38 50.27 - 50.22
Mistral-7B 49.90 - 48.94 50.23 - 50.06 51.75 - 51.75

LLM
(Fine-tuned)

Meta-LLaMa-2-7B 60.10 59.90 59.00 63.51 66.44 62.55 66.06 70.38 65.12
Meta-LLaMa-2-13B 60.67 60.64 60.00 64.61 67.67 63.59 68.22 72.19 66.37
Meta-LLaMa-3-8B 60.06 60.54 59.58 65.76 67.88 65.72 69.83 74.59 68.74
Gemma-1.1-7B 61.23 61.25 60.28 69.24 70.76 69.00 73.30 76.91 69.18
Mistral-7B 60.35 60.77 60.07 66.91 70.06 65.95 71.87 75.47 68.53

LLM
(Multi-task)

Meta-LLaMa-2-7B 60.70 59.88 59.17 66.15 64.67 64.34 70.40 70.89 70.20
Meta-LLaMa-2-13B 61.36 61.42 60.69 67.07 66.44 65.68 70.44 69.15 68.62
Meta-LLaMa-3-8B 61.38 61.85 61.02 67.20 67.13 66.60 71.64 72.06 71.12
Gemma-1.1-7B 61.54 62.36 61.15 67.71 67.60 66.98 73.12 72.82 71.89
Mistral-7B 61.03 61.16 60.38 67.69 67.20 66.16 72.34 72.52 71.78

Table 8.6: Evaluation results (%) of LLMs fine-tuned on MARS under the multi-task setting.
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Backbone Training Data Event Inference Transition
Acc AUC Ma-F1 Acc AUC Ma-F1 Acc AUC Ma-F1

LLaMa-2
7B

20% 58.03 58.24 57.62 62.43 64.47 60.43 63.11 63.08 62.73
40% 58.81 58.40 57.69 64.03 67.48 61.58 66.44 70.04 64.15
60% 59.09 59.41 58.62 64.75 68.10 62.79 67.00 70.85 64.15
80% 59.48 60.54 59.82 64.15 68.01 61.53 66.42 70.64 64.92
100% 60.10 59.90 59.00 63.51 66.44 62.55 66.06 70.38 65.12

LLaMa-2
13B

20% 59.95 59.75 58.57 63.80 66.86 61.80 64.11 68.73 64.08
40% 59.45 59.18 58.25 65.49 68.98 63.54 68.52 71.61 64.82
60% 60.19 59.46 58.92 65.90 69.59 64.18 68.24 72.17 65.59
80% 60.24 60.05 59.43 65.99 69.70 64.27 68.35 72.43 65.97
100% 60.67 60.64 60.00 64.61 67.67 63.59 68.22 72.19 66.37

LLaMa-3
8B

20% 60.56 59.91 58.99 63.40 66.77 61.06 65.23 70.50 64.60
40% 60.68 59.98 59.23 62.35 69.00 61.81 69.43 72.72 65.27
60% 60.74 60.88 60.49 65.90 69.59 61.81 69.00 72.78 65.55
80% 60.91 61.03 60.29 66.73 69.71 61.72 68.71 73.15 66.43
100% 60.06 60.54 59.58 65.76 67.88 65.72 69.83 74.59 68.74

Gemma-v1.1
7B

20% 59.07 59.54 59.18 64.70 70.42 62.43 68.41 73.64 67.08
40% 60.79 59.93 59.72 62.80 70.57 62.26 69.83 73.91 62.18
60% 59.26 60.31 59.25 67.83 70.22 60.56 70.68 74.56 66.98
80% 59.31 59.32 58.73 64.03 70.77 63.73 69.66 73.51 67.05
100% 61.23 61.25 60.28 69.24 70.76 69.00 73.30 76.91 69.18

Mistral-v1.1
7B

20% 60.67 60.27 59.61 65.28 69.22 63.16 68.37 72.85 66.15
40% 60.53 60.78 60.03 65.92 70.21 63.96 69.79 72.97 69.46
60% 61.82 61.86 61.07 67.65 70.46 64.09 67.92 73.38 66.76
80% 59.35 59.55 58.85 68.07 70.43 66.49 69.84 73.63 65.84
100% 60.35 60.77 60.07 66.91 70.06 65.95 71.87 75.47 68.53

DeBERTa-v3-Large
635M

25% 58.11 57.90 57.64 63.28 64.12 64.70 64.51 67.21 66.54
50% 61.32 59.71 60.91 65.36 67.12 68.09 67.95 68.21 67.97
100% 64.45 64.16 63.27 69.57 71.15 69.33 72.93 74.00 72.01

Table 8.7: Evaluation results (%) of LLMs fine-tuned on MARS under the few-shot setting.
Training data refers to the ratio of sampled training data from the full training sets of MARS.
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Task Data Examples Label

ME. The tax offices were devastation (burnt down) P.

ME. Keith and Vinnie are running (competition) against each other in the sheriff’s election P.

ME. We worked together environment (in the marina) for years M.

ME. The sun is melting horizon (over the landscape) like an orange popsicle M.

ME. Mammal (human) seek food for their own survival P.

MI. If I perception (felt) the tension leave me, then I feel more relaxed now P.

MI. If they both reached the excellence (world top 100) in 2005, then they both worked hard
to achieve their goals

P.

MI. If Parker and Garbajosa were adaptable (two very versatile players) who could both
defend and attack, then they were actually terrible basketball players.

M.

MI. If Stevens success (won) his first eight games, then Steven is a skilled player. P.

MI. If I communication (have to talk) to my insurance company, then my insurance com-
pany is not responsive and does not provide good customer service.

M.

MT. If he was respectful (overpowering and right intrusion), then he will apologize for his
actions and make amends.

P.

MT. If the other guests have just been invited to participate in a karaoke session (join com-
munity on the dance floor), then the other guests decline the invitation and choose to sit
and watch instead.

P.

MT. If Australia opposed (supported) South Vietnam in that time period, then Australia
support South Vietnam during that time period.

M.

MT. If Churchill has ignoring (communication) to the requests for verification in various
ways, then Churchill is not interested in verifying the requests and is avoiding them.

P.

MT. If Tikal has hundreds (thousands) of history structures, then archaeologists have not yet
discovered the true purpose of Tikal’s structures.

M.

Table 8.8: Case studies of three tasks in the MARS benchmark. ME, MI, and MT refer to
three tasks in metaphysical reasoning, respectively. P. refers to plausible in reality and M.
refers to metaphysical. The original component before the change/transition is marked in (grey).
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CHAPTER 9

CONCLUSIONS

In conclusion, this thesis investigated how language models can reason in a way that general-
izes beyond memorized surface forms. Our central thesis is that generalization requires abstrac-
tions that transfer across situations, grounding that keeps these abstractions faithful to context,
and robustness that preserves coherence when the underlying situation changes. We develop
this argument through a single mechanism that recurs throughout the dissertation: the lift-and-
ground loop, in which conceptualization lifts instance-level entities and events into reusable
concepts, and instantiation grounds those concepts back into new contexts to support inference.

We begin by establishing this mechanism as a precise vocabulary and scope. Chapter 3 for-
malizes conceptualization and instantiation and distinguishes four semantic levels, then centers
entity- and event-level conceptualization as the main interface between language and reason-
ing. This provides the connective tissue for everything that follows: it clarifies what it means to
abstract, what it means to ground, and what kinds of generalization we expect to obtain.

With the lens fixed, the thesis then asks how the loop can be made operational under real-
istic constraints. CAT addresses the learning problem: when supervision is scarce and naive
abstraction breaks under relational context, conceptualization cannot be treated as a standalone
rewriting step. By coupling conceptualization and instantiation into a semi-supervised cycle
with contextual verification, CAT provides a practical way to acquire context-compatible ab-
stract commonsense knowledge from largely unlabeled CSKB data. CAR then moves from ac-
quisition to application: it shows how conceptual structure can be used to construct cleaner and
more transferable supervision for downstream reasoning, expanding coverage while reducing
false-negative distractors in CSKB-based QA synthesis, and thereby improving robustness in
zero-shot commonsense QA.

Having shown that the loop can be learned and can improve downstream generalization,
the next step is scalability. CANDLE turns the lift-and-ground loop from a one-off augmenta-
tion into a scalable knowledge acquisition primitive by distilling multi-step conceptualization
and instantiation chains from strong LLM teachers, filtering generations with critic models, and
feeding accepted instantiations back for iterative expansion. This stage connects the thesis mech-
anism to the LLM era directly: the loop is no longer only a modeling idea, but a practical recipe
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for producing large pools of grounded and abstract commonsense knowledge that can be used
for training and evaluation at scale.

The thesis then extends the same mechanism to model maintenance. As LLMs grow, cor-
recting commonsense failures by retraining becomes increasingly expensive, and commonsense
errors rarely correspond to isolated facts; they often reflect concept-level gaps that surface across
paraphrases and contexts. CONKE uses conceptualization and instantiation to lift an error into a
concept-structured neighborhood and ground it into diverse, context-consistent instances before
editing, turning editing from a local patch into a more transferable update. This continues the
thesis flow from learning and scaling knowledge to maintaining it efficiently while preserving
generalization.

Finally, the thesis closes by confronting the boundary condition that motivates the entire pro-
gression: in the LLM era, robust intelligence requires not only static generalization but adaptive
reasoning under change. We therefore formalize reasoning with changes in distribution as a
three-step process over feasibility, consequence, and transition, and introduce metaphysical rea-
soning together with the MARS benchmark to evaluate it at scale under hierarchical, struc-
tured perturbations. The empirical difficulty observed across many models clarifies why the
earlier chapters matter and where the remaining gaps lie: conceptualization organizes reusable
structure, grounding keeps it faithful to context, but coherent reasoning under change remains
a stringent test that exposes limitations in how today’s models track plausibility and transitions
when assumptions drift.

Overall, the thesis advances one integrated message: conceptualization enables transfer, in-
stantiation enforces grounding, and the lift-and-ground loop is a reusable primitive that can
be learned under weak supervision (CAT), translated into more robust downstream supervi-
sion (CAR), scaled through LLM distillation into iterative acquisition (CANDLE), and used
to generalize updates during post-training adaptation (CONKE), culminating in a benchmarked
evaluation of reasoning under structured distribution shifts ( MARS).

9.1 Strengths and Limitations of Conceptualization

9.1.1 Strengths

Conceptualization remains valuable in the LLM era because it targets a form of generalization
that scale alone does not guarantee: invariance under structured variation [295]. When surface
forms shift through paraphrases, entity swaps, event rewrites, or compositional changes in in-
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structions, concept-level structure provides a stable interface for transferring expectations and
retrieving the “right kind” of knowledge, rather than relying on brittle lexical overlap [296].
This matters most in precisely the regimes that define real-world robustness: novel contexts,
new combinations of familiar parts, and distribution shifts that preserve meaning while altering
form.

Conceptualization also improves the quality of supervision and evaluation pipelines. Once
instances are grouped by shared concepts, it becomes possible to construct semantically con-
trolled contrast sets, such as harder yet fairer distractors for multiple-choice reasoning or more
faithful augmentations for commonsense inference [297]. This reduces spurious training arti-
facts (e.g., accidental lexical cues or false negatives) and makes the learning signal better aligned
with the intended notion of plausibility and inference. In this sense, conceptualization is not
only a representational tool, but also a mechanism for shaping data so that models are trained
and tested on the right invariances [269].

A further strength is that conceptualization provides handles for control and maintenance in
post-training. Modern alignment pipelines, including instruction tuning, preference optimiza-
tion, and RLHF-style objectives, primarily operate at the response level, optimizing helpfulness
or preference under coarse feedback [298]. Concept-level representations offer a complementary
axis for enforcing consistency across paraphrases and relational realizations, and for localizing
failures to reusable abstractions rather than isolated strings. This makes conceptualization use-
ful not only for acquiring new knowledge, but also for auditing and stabilizing behavior: it turns
errors into structured neighborhoods in which verification, edits, and evaluations can generalize
beyond a single surface form.

9.1.2 Limitations

Despite these benefits, conceptualization faces practical limitations in today’s LLM training and
deployment pipelines.

First, its gains can become less visible under massive pre-training. Contemporary founda-
tion models are trained on extremely large and diverse corpora, and scaling trends can make
models appear to “already know” many broad regularities, especially on in-distribution bench-
marks [299]. In such settings, explicit conceptualization may yield smaller headline improve-
ments, not because it is unhelpful, but because standard evaluations under-measure structured
transfer and over-reward pattern matching. This can create the impression that conceptualization
is redundant when, in fact, its value is concentrated in shift-heavy regimes that are not always
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reflected by common leaderboards.
Second, concepts are inherently context-dependent and therefore hard to “pin down” as fixed

labels. The same event may admit multiple plausible abstractions, and the usefulness of an ab-
straction depends on downstream relations, goals, and the intended inference. Naive abstraction
can erase precisely the property that supports the original implication, producing concepts that
are linguistically plausible but inferentially invalid once re-grounded. This is a structural limi-
tation: conceptualization is not a purely local rewriting operation, but a context-sensitive choice
over what information can be compressed without breaking downstream reasoning.

Third, abstraction can encourage over-generalization. Concept-level statements are easy to
express fluently and confidently, which increases the risk of producing broad regularities that
sound universally valid but fail in grounded situations, especially when the model is optimized
for helpful explanations. The tension is that conceptualization is designed to compress away
details, yet many commonsense inferences hinge on those very details; without strong grounding
pressure, abstractions may drift into plausible-sounding but unreliable generalities.

Fourth, integration with RL-based LLM training remains under-developed. RLHF-style
post-training typically optimizes preferences over full responses with reward signals that are
coarse, sparse, and dominated by surface-level qualities such as style, verbosity, and perceived
helpfulness [298]. In this training regime, it is nontrivial to introduce concept-level objectives,
especially when the RL stage is brief compared to pre-training and constrained by stability con-
siderations. Moreover, as you noted, the very premise of pre-training at scale to cover as much
knowledge as possible can weaken the perceived role of conceptualization during RL, because
the optimization focuses on behavior shaping rather than building structured abstractions.

Finally, evaluation is easy to get wrong. Many “OOD” settings are either too mild, poorly
controlled, or confounded by artifacts, which can understate (or overstate) the value of concep-
tual structure. If shifts are not explicitly structured (what changes, how it changes, and what
invariances should hold), it is difficult to isolate whether conceptualization truly improves sys-
tematic transfer or merely shifts performance via unrelated factors such as generation length,
calibration, or dataset biases [300].
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9.2 Future Works

9.2.1 Towards Semantic-Space Analysis of Conceptualization

A natural future direction emerging from this thesis is to study conceptualization not only through
downstream performance, but also through the geometry of the learned semantic space. The
current thesis evaluates conceptualization primarily by plausibility, transfer utility, editing be-
havior, and robustness under distributional change. These are the most task-relevant criteria,
but they do not fully reveal how conceptual structure is reorganized inside a model before and
after conceptualization-oriented training or editing. A complementary line of analysis would
therefore ask whether conceptually related events become more geometrically aligned in repre-
sentation space, whether irrelevant surface variation is compressed, and whether the resulting
space better separates inferentially distinct abstractions.

Such an analysis could be conducted at multiple levels. At the instance-to-concept level, one
may measure whether concrete events that share a valid conceptualization form tighter and more
semantically coherent neighborhoods after training. At the concept-to-instance level, one may
examine whether a concept embedding or hidden-state representation remains stably connected
to diverse but context-compatible instantiations. Across models, one may compare whether
improvements in robustness correspond to more organized concept manifolds, better clustering
purity, or more reliable local neighborhoods around abstract events. For editing methods such as
CONKE, semantic-space analysis may also help distinguish genuine conceptual revision from
superficial output calibration by checking whether the representation of an edited concept shifts
coherently together with its related instances.

Importantly, this direction is not only diagnostic. A better understanding of the semantic
geometry of conceptualization may eventually feed back into model design. For example, it
may motivate regularization objectives that encourage concept-level compactness while pre-
serving context-sensitive separability, or it may suggest retrieval strategies that use semantic
neighborhoods to select more informative conceptualizations and instantiations. In this sense,
semantic-space analysis offers a promising bridge between the functional view of conceptual-
ization adopted in this thesis and a more mechanistic understanding of how language models
internally organize reusable knowledge.
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9.2.2 Potential Applications in AI for Science

Although this thesis focuses on commonsense reasoning, the conceptualization-centered per-
spective may also be valuable for AI for Science. Many scientific reasoning problems exhibit a
similar structural tension to the one studied here: observations are concrete, noisy, and context-
dependent, while effective generalization requires lifting them into abstractions that can be
reused across conditions, systems, or experimental settings. In this respect, conceptualization
can be viewed as an interface between local observations and reusable scientific regularities,
much as it serves in this thesis as an interface between concrete events and transferable com-
monsense knowledge.

One promising application is scientific knowledge organization and hypothesis transfer. Sci-
entific texts and experimental reports often describe highly specific conditions, materials, proce-
dures, or outcomes. A conceptualization layer could help map these surface-level descriptions
into more reusable patterns, allowing models to connect related findings that are phrased dif-
ferently or instantiated in different domains. For example, a system may abstract over specific
experimental interventions to identify broader causal or functional motifs, and then instantiate
those motifs in a new setting to propose plausible hypotheses, missing controls, or likely fail-
ure points. In this role, conceptualization could support literature synthesis, scientific question
answering, and the reuse of procedural knowledge across experiments.

At the same time, scientific domains also expose the limits of the current thesis framework
and point to important extensions. Compared with everyday commonsense, AI for Science typi-
cally requires stricter adherence to quantitative constraints, domain ontologies, mechanistic con-
sistency, and uncertainty estimation. A useful scientific conceptualization framework would
therefore need to combine the flexibility of neural abstraction with stronger external grounding,
such as symbolic constraints, simulators, or expert-defined taxonomies. Extending the lift-and-
ground loop developed in this thesis to scientific settings is thus an attractive research direction:
it could preserve the benefits of reusable concept-level structure while enforcing the tighter cor-
rectness requirements that scientific reasoning demands.

9.2.3 Other Possible Directions

A natural direction is to make the benefits of conceptualization more visible under modern scal-
ing by aligning training and evaluation with the kind of transfer conceptualization is meant to
support [301]. One promising line is to adopt invariance-focused protocols, such as explicit per-
turbation families, compositional splits, and controlled distribution shifts, and to report stability-
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style metrics (consistency under meaning-preserving changes, calibrated plausibility under shift)
alongside accuracy. This reframes conceptualization as a tool for systematic robustness rather
than a generic accuracy booster.

To address context-dependence, future work should treat conceptualization as a contextual
operator whose output is selected for downstream usefulness rather than surface plausibility. A
practical approach is to couple conceptualization with verification and re-grounding as a first-
class constraint: abstractions should be tested by whether they preserve (or correctly transform)
relational implications when instantiated back into diverse contexts. More broadly, concept se-
lection could be modeled as a decision problem conditioned on relation type, goal, and expected
inference, rather than as unconditional generation.

To mitigate over-generalization, future work can strengthen grounding pressure by requiring
abstract claims to “pay rent” in concrete instances. For example, a concept-level regularity can
be treated as valid only if it supports successful instantiation into multiple diverse, context-
consistent cases, or if it can be linked to retrieved evidence/examples that survive adversarial
paraphrases [302]. This turns abstraction into a hypothesis that must generalize in grounded
tests, reducing the space of fluent but unreliable generalities.

For the RL-based limitation, a key opportunity is to design post-training objectives that ex-
plicitly reward concept-level invariances. One concrete direction is to incorporate preference
pairs or reward-model training data that differ in surface form but share the same underlying
concept, so that the policy is directly optimized for concept-consistent implications across per-
turbations [303]. Another is to add auxiliary losses during RLHF/DPO-style training that enforce
consistency across concept-preserving rewrites or across concept neighborhoods derived from
conceptualization and instantiation cycles. Conceptualization can then serve as a generator of
structured training pairs for RL, rather than competing with pre-training coverage.

Finally, evaluation should continue moving toward benchmarks that explicitly represent change
and test coherence through transitions. Future work can expand beyond discriminative plausi-
bility judgments to interactive or planning-like settings where models must maintain feasibil-
ity, predict consequences, and repair trajectories when a change breaks plausibility [304]. In
such settings, conceptualization can function as the coordinate system of change: it defines
what varies, what remains invariant, and what kinds of repairs preserve meaning while restoring
plausibility.

Broader limitation and outlook. Taken together, the chapters of this thesis suggest that con-
ceptualization is a powerful but not all-sufficient organizing principle for generalizable reason-
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ing. It helps expose reusable structure, improves transfer across related situations, and provides
a more principled unit for acquisition, reasoning, and editing than isolated surface forms alone.
At the same time, the results also indicate that abstraction must be carefully controlled by con-
text, that concept-level editing does not automatically guarantee full global consistency, and that
reasoning under abstract or distribution-shifted conditions still benefits from stronger feasibility
checks and external grounding. In this sense, the main lesson of the thesis is not that reason-
ing can be reduced to abstraction, but that robust reasoning requires a disciplined interaction
between abstraction and grounding. The most promising next step is therefore to combine con-
ceptualization with stronger mechanisms for consistency control, semantic-space diagnosis, and
domain-aware feasibility verification, so that the reusable structure captured by concepts can be
translated into reasoning that is not only more general, but also more reliable.
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APPENDIX A

PROMPTS USED IN MARS

A.1 MARS Benchmark Curation
An overview of our benchmark construction pipeline is shown in Figure 8.3. We first present
our prompts used in each step for sequentially instructing ChatGPT to generate candidate data
for MARS [242].

A.1.1 Text Decomposition and Event Component Extraction

To decompose a lengthy text from the source corpora into several action events, we use the
following prompt to instruct ChatGPT.

You are required to decompose the given long sentence into

several short yet semantically complete events, each de-

scribing an action. An action event refers to those describ-

ing an action or a state change that occurs at a specific

time and place. The key components of each event should

be preserved: including the subject, verb, object, temporal

and spatial quantifiers, numerical properties of the subject

and objects, and sub-events. Generate one event as a whole

sentence per line. You can generate as many events as you

need. Below are some examples:

…
Sentence <i>: In November 2010, after years of planning

and development, SpaceX successfully launched their Falcon

9 rocket into orbit for the first time. The launch took

place at Cape Canaveral Air Force Station in Florida. The

Falcon 9 carried a Dragon spacecraft mock-up, representing

a major milestone in SpaceX's efforts to develop a reliable

and cost-effective means of transporting cargo and eventu-
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ally astronauts to the International Space Station.

Event 1: SpaceX successfully launched their Falcon 9 rocket

into orbit for the first time in November 2010.

Event 2: The Falcon 9 carried a Dragon spacecraft mock-up.

Event 3: The launch of the Falcon 9 took place at Cape

Canaveral Air Force Station in Florida.

…
Sentence <N>: In May 1934, following reports of a Japanese

spy operating out of Dutch Harbor, the United States Navy

dispatched Edwin T. Layton to the Aleutians to investigate

the allegations.

We then use the following prompt to extract seven types of components from the decomposed
events.

Given a short event, extract these components:

1. Subject: The noun that performs the action in the sen-

tence.

2. Verb: The action word in the sentence.

3. Object: The noun that receives the action of the verb.

4. Temporal Quantifier: The time or time period of the

event in the sentence.

5. Spatial Quantifier: The location or spatial extent of

the event in the sentence.

6. Numerical Quantities and Properties of Objects: Nu-

merical values describing the number or properties of the

subject, object, or sub-events.

7. Sub-events: Complete events that are part of the main

event in the sentence.

For each component, if there are more than one, separate

them with |. If you cannot find one for a component, gen-

erate ``None'' only. Below are some examples:

…
Event <i>: After the First Battle of Naktong Bulge, the US

Army's 2nd Infantry Division was moved to defend the Naktong
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River line.

Subject: US Army's 2nd Infantry Division

Verb: moved | defend

Object: None

Temporal Quantifier: After the First Battle of Naktong Bulge

Spatial Quantifier: Naktong River line

Quantities and Properties of Objects: None

Sub-events: The US Army's 2nd Infantry Division was moved

| The US Army's 2nd Infantry Division was moved to defend

the Naktong River line.

…
Event <N>: The University of Colorado created the Depart-

ment of Medicine in September 1883 in the Old Main building

on the Boulder campus.

A.1.2 Component Abstraction and Variation

For each type of component, we customize the prompt according to the nature of the component
and whether the changes are implemented via abstraction or numerical variation. Here, we take
the subject category with its abstraction as an example.

Given an event and a subject within the event, abstract the

given subject in the given sentence into three different

concepts. Each concept should be more abstract than the

previous one. You are encouraged to be creative, but please

ensure the three concepts gradually cover more instances.

Below are some examples:

…
Event <i>: World's leading scientists announce breakthrough

in clean energy technology, revolutionizing global sustain-

ability efforts.

Subject: World's leading scientists

Concepts: expert, human, organism

…
Event <N>: A driver is speeding down the highway.
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Subject: A driver

Note that leveraging LLM to perform contextualized abstraction [305–331] has been shown
to result in better quality, larger coverage, and stronger downstream benefits compared to previ-
ous conceptualization methods [78, 85], such as retrieving from a pre-defined concept taxonomy
or human annotation. Our knowledge distillation-based method is justifiable and enables large-
scale benchmark construction.

A.1.3 Inference Generation

We use different prompts to collect plausible inferential states and metaphysical inferential states
for each changed action event. Here, we provide the prompt for generating a metaphysical infer-
ence as an example.

Given an action event, generate a short metaphysical if-then

inferential statement that describes an inferential state

that only occurs in metaphysical space. A state is a con-

dition or situation in which someone or something exists in

the past or present that will last for a certain time if

no changes occur. An action is a thing that can be done

in a time interval that is usually not long. Metaphysical

inference is a type of inference that is not based on em-

pirical evidence but rather on the nature of things. It can

be a counterfactual inference that is contrary to the facts

or reality, meaning that it is usually not true in reality

world. Below are some examples:

…
Event <i>: In 2003, he played a recurring role on two

episodes of The Bill.

Metaphysical Inference: Everyone criticizes his performance

in the show.

…
Event <N>: Sam drives down the road with fast speed.
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Model Task 1 Plaus. Expert. Task 2 Plaus. Expert. Task 3 Plaus. Expert.

ChatGPT 60.98 92.0 58.56 96.5 50.25 93.5
Meta-LLaMa-3.1-405B 62.2 93.2 57.0 95.8 51.0 94.6
GPT-4o 64.6 94.8 59.2 98.4 53.4 96.0

Table A.1: Annotation results of evaluation data curated with different LLMs as backbones.
Plaus. refers to plausible event/inference/transition rate and Expert. refers to ratio of data ac-

cepted by expert annotators.

A.1.4 Metaphysical Transition Generation

Finally, we use the prompt below to collect the change needed to transition a metaphysical in-
ference into a plausible one.

You will be given an event and its metaphysical inference,

meaning that such an inference is impossible or rarely

occurring in reality. Please generate a transition that

would make the inference plausible or possible in real life.

Specifically, you are required to only change a component

of the event. The component must be one of the Subject,

Verb, Object, Temporal Quantifier, Spatial Quantifier, Nu-

merical Properties of Subject or Objects, and Sub-events of

the event. Below are some examples:

…
Event <i>: The boss of the company is monitoring the em-

ployees.

Metaphysical Inference: The boss feels nervous and is ex-

pecting a rise.

Transition: employees -> stocks (Object)

…
Event <N>: The man is being chased by a 100 meters butterfly

in the forest.

Metaphysical Inference: The man is not scared and is laugh-

ing.
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A.2 Main Evaluations on MARS
To evaluate LLMs on three tasks in MARS, we show our evaluating prompts in zero-shot
scenario in Table A.2. Note that we are aware that LLMs may not be familiar with the word
“metaphysical.” Therefore, we also experimented with replacing the word with “implausible,”
and the best performances from both types of prompts are reported. These models are consistent
across all models’ evaluations for fair comparison.

For few-shot evaluations, few shot examples are added after task descriptions and before the
prompted test entry. The exemplars are randomly sampled for each different test entry. For COT
prompting, we specifically ask LLMs to “think step by step and generate a short rationale to
support your reasoning.” Then, we ask it to give an answer based on its generated rationale. The
sampling temperature 𝜏 is set to 0.1 by default, and 5 COT responses are sampled with 𝜏 set to
0.7 in the SC-COT setting.

A.3 Leveraging Open-sourced LLM for Benchmark Curation
In Chapter 8, we use proprietary LLMs and human annotation for data construction, which can
be expensive and labor-intensive. However, this approach serves the best pursuit of data quality,
which is crucial for an evaluation benchmark. Prior to our data collection, we tested a wide
variety of LLMs, and ChatGPT outperformed almost all of them. Therefore, we opted to use
it for data construction. Nevertheless, with the recent advancements in state-of-the-art LLMs,
we have found that meta-llama/Llama-3.1-405B-Instruct and GPT-4o also
achieve satisfactory performance within our data collection framework. We sampled 500 origi-
nal data entries and employed similar prompts and data collection processes to gather metaphys-
ical reasoning evaluation data entries. We then asked expert annotators to rate the plausibility
of the obtained data. The results are shown in Table A.1. We observe that LLAMA3.1-405B
can achieve comparable performance to ChatGPT in terms of plausible data (evaluation data
that reflects reality rather than metaphysics, similar to the majority vote results in Table 2) and
expert acceptance rates. Additionally, we find that GPT-4o can even improve the data collec-
tion process, resulting in higher quality data. Thus, we believe this represents a compromise
between data quality, reproducibility, and cost. It would also be feasible for data collectors to
use LLAMA3.1 in the future for collecting metaphysical data, although leveraging proprietary
LLMs can be more reliable to some extent.
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Task Prompt

ME.

Given an event, determine whether it is a metaphysical event or not.
A metaphysical event refers to event that is implausible or rarely occurring in reality.
If it is plausible and commonly accepted in the real world, answer yes.
On the contrary, if the event is metaphysical, answer No.
The event you need to discriminate is: <TEST-ENTRY-EVENT>.
Answer Yes or No only with one word:

MI.

Given an assertion that describes a if-then inference, determine whether the inference is plausible or metaphysical.
A plausible inference is an inference that is likely to be true or reasonable based on the information provided in the assertion.
A metaphysical inference is an inference that is not based on empirical evidence but rather on the nature of things,
it rarely occurs in the real world and can be counterfactual or implausible.
The assertion is: <TEST-ENTRY-INFERENCE>.
Answer Yes or No only with one word.

MT.

You are given an event, an inference based on the event that rarely occurs in the real world (a metaphysical inference),
and a transition in the event that would make the inference plausible or possible in the real world,
please determine whether the transition is correct or not in terms of making the inference plausible or possible.
The event is: <TEST-ENTRY-EVENT>.
The inference is: <TEST-ENTRY-INFERENCE>.
The transition is: <TEST-ENTRY-TRANSITION>.
Answer Yes or No only with one word.

Table A.2: Prompts used for evaluating LLMs across three tasks in MARS in zero-shot sce-
nario. ME. MI., and MT. stand for three tasks, respectively.

A.4 Additional Statistics on MARS
Table 8.3 presents detailed statistics on the number of unique identified and modified components
by type in the annotated splits of each task. The majority (approximately 80%) of the components
focus on the subject, verb, and object, while the remainder (around 20%) concentrate on temporal
quantifiers, spatial quantifiers, numerical properties, and sub-events. On average, each annotated
event in MARS features 8.15 identified components for changes and 7.81 transitions.
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