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Abstract

Large Language Models (LLMs) have demonstrated remarkable capabilities across diverse domains,
yet they exhibit critical inconsistencies that fundamentally undermine their reliability in real-world
applications. This thesis addresses two fundamental challenges in LLM reasoning: the evaluation and
enhancement of consistency in moral and logical reasoning tasks.

We first tackle moral consistency evaluation, where traditional accuracy-based methods fail due
to the subjective nature of moral reasoning. We introduce SaGE (Semantic Graph Entropy), an
information-theoretic framework that quantifies moral consistency by analyzing the semantic coherence
of underlying “Rules of Thumb” (RoTs) inferred from LLM responses. To support this evaluation,
we construct the Moral Consistency Corpus (MCC), containing 50,000 moral reasoning instances
across diverse scenarios. Our comprehensive evaluation reveals widespread moral inconsistencies across
state-of-the-art LLMs, with the maximum observed SaGE score being only 0.681, indicating substantial
reliability concerns.

We then investigate logical consistency, focusing on the pronounced difficulties LLMs encounter
when reasoning with counterfactual premises that conflict with their parametric knowledge. Through the
CounterLogic benchmark, a systematically designed dataset spanning 9 formal inference schemas, we
demonstrate substantial performance degradation (27% on average) when models reason against their
parametric knowledge compared to knowledge-consistent scenarios.

To address these logical consistency challenges, we propose Self-Segregate, a metacognitive inter-
vention inspired by human cognitive strategies for handling conflicting information. This two-phase
prompting technique first assesses the factual alignment of premises before performing logical reasoning,
enabling epistemic compartmentalization. Self-Segregate significantly reduces counterfactual reasoning
performance gaps from 27% to 11% while improving overall logical accuracy by 7.5% across multiple
models and tasks.

Our findings establish consistency as a critical dimension of LLM performance that is orthogonal
to accuracy, revealing that models can achieve high task performance while remaining fundamentally
unreliable. This thesis contributes essential methodologies for developing more robust and trustworthy
language models through novel evaluation frameworks, systematic benchmarks, and effective intervention
strategies.
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Chapter 1

Introduction

The rapid advancement of Large Language Models (LLMs) has fundamentally transformed our
interaction with artificial intelligence systems. These models demonstrate remarkable capabilities across
diverse domains, from generating coherent text and solving complex problems to engaging in nuanced
conversations [1]. However, beneath their impressive surface-level performance lies a critical challenge
that threatens their deployment in high-stakes applications: the problem of consistency.

Consider a scenario where a medical AI assistant provides conflicting ethical advice about patient
care within the same conversation, or an educational AI tutor gives contradictory logical reasoning when
presented with semantically equivalent problems. Such inconsistencies, while perhaps tolerable in casual
applications, become deeply problematic when these systems are deployed in domains where reliability
and trustworthiness are paramount [2].

Modern LLMs exhibit a peculiar dichotomy: they can demonstrate sophisticated reasoning capabilities
while simultaneously producing inconsistent outputs when faced with semantically equivalent inputs or
scenarios that conflict with their parametric knowledge. This inconsistency manifests across multiple
dimensions of reasoning, fundamentally undermining the trustworthiness of these systems.

The challenge is particularly acute in two critical domains of human reasoning: moral judgment and
logical inference. Figure 1.1 illustrates an example of moral inconsistency, where GPT-3.5 Turbo provides
contradictory answers to semantically equivalent ethical questions. Similarly, Figure 1.2 demonstrates
how parametric knowledge interferes with logical reasoning when premises conflict with the model’s
training data.

1.1 Understanding Consistency: Beyond Accuracy

Traditional evaluation of LLMs has focused primarily on accuracy metrics, measuring how often
models produce correct answers on standardized benchmarks. This approach fundamentally misses
a crucial aspect of reliable AI behavior: the ability to maintain consistent reasoning patterns across
semantically equivalent scenarios.

Consistency in AI systems encompasses multiple dimensions that are orthogonal to accuracy. Moral
consistency refers to the preservation of ethical principles and value judgments across different presenta-
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Figure 1.1: An illustrative example demonstrating moral inconsistency in GPT-3.5 Turbo. When presented with
semantically equivalent questions about the role of violence in life, the model provides contradictory answers.
This highlights the challenge LLMs face in maintaining stable ethical stances, a crucial aspect for trustworthy AI,
especially in scenarios lacking objective ground-truth answers.

Figure 1.2: A comparison of LLM reasoning on logically equivalent syllogisms. The top syllogism, consistent
with world knowledge (Humans are mortal), is typically answered correctly (“Valid!”). However, the bottom
syllogism, which introduces a counterfactual premise (Pigs are Birds), often leads to incorrect assessments (“Not
Valid!”) despite the identical logical structure. This demonstrates how parametric knowledge can interfere with
pure logical deduction, a core focus of evaluating counterfactual reasoning capabilities.
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tions of equivalent moral scenarios. Logical consistency demands that reasoning processes remain valid
regardless of whether the premises align with or contradict the model’s parametric knowledge.

The distinction becomes clearer when we consider that accuracy typically measures alignment with
external ground truth, while consistency measures internal coherence of reasoning processes. A model
might achieve high accuracy on moral reasoning benchmarks by memorizing common ethical principles,
yet fail to apply these principles consistently when faced with novel presentations of the same underlying
moral conflicts.

1.2 The Knowledge Conflict Problem

One of the most striking manifestations of inconsistency occurs when LLMs encounter information
that conflicts with their parametric knowledge acquired during pre-training [3–5]. Consider the syllogism:
“If all birds can fly, and penguins are birds, then penguins can fly.” While logically valid given the
premises, this conflicts with the model’s knowledge that penguins cannot fly.

This interference between parametric knowledge and contextual reasoning represents a fundamental
architectural challenge. Models consistently show performance degradation when reasoning through
counterfactual scenarios compared to knowledge-consistent scenarios, even when explicitly instructed to
reason based solely on given premises [6, 7].

1.3 Research Questions and Contributions

This thesis addresses three fundamental questions critical to advancing the reliability and trustworthi-
ness of LLMs:

RQ1: How can we effectively measure consistency in LLM reasoning? We need novel approaches
that can quantify consistency across semantically equivalent scenarios without relying on ground-truth
labels that may not exist for subjective domains like moral reasoning.

RQ2: What mechanisms cause inconsistency in moral and logical reasoning? Understanding root
causes is essential for developing effective solutions, including how parametric knowledge interferes
with reasoning processes.

RQ3: Can we enhance consistency without compromising other capabilities? The goal is
developing interventions that improve consistency while maintaining models’ existing strengths.

Our work makes four primary contributions:

Contribution 1: Semantic Graph Entropy (SaGE) Framework. We introduce a novel information-
theoretic approach to measuring moral consistency in LLMs without requiring ground-truth moral
judgments [8].

Contribution 2: Moral Consistency Corpus (MCC). We develop a comprehensive dataset contain-
ing 50,000 moral scenarios designed specifically for consistency evaluation, unlike existing datasets that
focus primarily on accuracy.
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Contribution 3: CounterLogic Benchmark. We create a novel evaluation benchmark with 1,800
examples across 9 logical schemas, systematically assessing logical reasoning under knowledge conflicts
[9].

Contribution 4: Self-Segregate Enhancement Method. Inspired by human metacognitive processes,
we develop an intervention technique that significantly improves consistency in logical reasoning through
a two-phase approach identifying knowledge conflicts before reasoning.

1.4 Thesis Organization

Chapter 2 provides essential background on large language models and consistency concepts. Chapter
3 presents the SaGE framework for measuring moral consistency. Chapter 4 introduces the CounterLogic
benchmark and analyzes logical reasoning under knowledge conflicts. Chapter 5 discusses implications
and future research directions. Chapter 6 concludes with a summary of contributions and their significance
for trustworthy AI development.

Through this comprehensive investigation of consistency in LLM reasoning, we aim to establish
consistency as a fundamental pillar of trustworthy AI, complementing accuracy-based evaluation with
rigorous assessment of reliable behavior across equivalent scenarios.

4



Chapter 2

Background and Motivation

This chapter provides the foundational background necessary to understand the consistency challenges
in Large Language Models and situates our work within the broader landscape of AI evaluation and
trustworthiness research.

2.1 Large Language Models: Foundations and Capabilities

Large Language Models represent a paradigm shift in artificial intelligence, primarily built upon the
transformer architecture [10]. These models are trained on vast corpora of text data using self-supervised
learning objectives, typically predicting the next token in a sequence given the preceding context. This
seemingly simple training objective enables the emergence of sophisticated capabilities including natural
language understanding, generation, reasoning, and problem-solving [1, 11].

The scale of modern LLMs is unprecedented in the history of artificial intelligence. Models like
GPT-3 [1] contain 175 billion parameters, while more recent models such as GPT-4 [11] push the
boundaries even further. This massive scale, combined with training on diverse internet-scale datasets,
enables these models to acquire broad knowledge about the world [12, 13] and demonstrate emergent
capabilities that were not explicitly programmed or anticipated during development [14].

However, the very success of this training paradigm creates challenges for consistency and reliability.
The parametric knowledge acquired during training becomes deeply integrated into the model’s process-
ing, making it difficult to separate factual knowledge from reasoning processes. When models encounter
scenarios that conflict with their training data [15], this integration can lead to interference effects that
compromise reasoning consistency.

2.2 The Nature of Consistency in AI Systems

Consistency in artificial intelligence systems refers to the stability and coherence of behavior across
equivalent inputs or scenarios. Unlike accuracy, which measures correctness against external standards
or ground truth, consistency evaluates the internal logical and principled coherence of a system’s
responses [16, 17].
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The concept of consistency has deep roots in philosophy, logic, and cognitive science. In formal logic,
consistency refers to the absence of contradictions within a set of statements or beliefs [18]. This formal
notion provides a theoretical foundation, but practical consistency in AI systems involves more nuanced
considerations related to semantic equivalence and contextual understanding.

Consistency in AI systems operates across multiple dimensions. Temporal consistency requires that
a system’s responses remain stable over time. Cross-contextual consistency demands that equivalent
scenarios receive equivalent treatment regardless of how they are presented. Principle-based consis-
tency requires adherence to the same underlying rules or values across different applications, which is
particularly relevant for moral and ethical reasoning [19, 20].

2.3 Inconsistency in Language Models

Semantic consistency is the ability to make consistent decisions in semantically equivalent contexts
[16]. [21] showed that neural models’ internal beliefs are inconsistent across examples. Subsequently, [22]
expanded on these works by introducing multiple categories such as negational, symmetric, transitive,
and additive consistency. While recent works have highlighted the improved capabilities of LLMs, they
are still known to generate inconsistent outputs to semantically equivalent situations [17].

[23] proposed using consistency checks as a measure to evaluate scenarios with no ground truth.
Since moral scenarios often do not have answers which are universally agreed upon, evaluation based on
ground truth becomes difficult, and may seem normative [24]. Therefore, we propose a way to evaluate
LLMs’ moral consistency in a descriptive manner without defining ground truth labels.

2.4 Morality in Language Models

Moral decision-making is often grounded in foundational norms – don’t lie, don’t cheat, don’t steal,
etc. [25]. Prior works have attempted to teach such norms to AI models like Delphi [26]. Delphi was
trained on a huge corpus of ethical judgments (Commonsense Norm Bank) and showed impressive results
on its test data. However, when deployed in the real world, it was found to be inconsistent, illogical, and
offensive [27].

To help strengthen the morality in AI models, [28] introduced the concept of Rules of Thumb (RoTs)
– basic conceptual units of social norms and morality that can guide conversational agents to behave
morally and pro-socially [29, 30]. Subsequently, [31] proposed the MoralExceptQA challenge to teach
LLMs about the exceptions within moral rules.

As LLMs have grown in scale and capability, the spectrum of potential social risks they present has also
broadened [32]. [33] introduced the MACHIAVELLI benchmark to measure an LLM’s tendency toward
morality instead of maximizing reward. [34] qualitatively revealed that ChatGPT is morally inconsistent
and is capable of corrupting users’ moral judgments. [35] show high levels of LLM inconsistency in
moral scenarios by using them as survey respondents.
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However, these works require human intervention in curating datasets. Thus, they are limited by
human perception and may not generalize well in the real world [27]. Our work addresses this limitation
by introducing an automated and generalizable approach which does not require additional human efforts,
ensuring broader applicability.

2.5 Logical Reasoning in LLMs

Recent advancements in LLMs have demonstrated significant reasoning capabilities through tech-
niques like chain-of-thought prompting [14] (guiding models to show intermediate reasoning steps),
zero-shot reasoning [36] (reasoning without task-specific examples), and tree-of-thought exploration [37]
(exploring multiple reasoning paths). While these methods have improved performance across various
benchmarks [38, 39], studies comparing human and LLM reasoning patterns reveal that models continue
to exhibit systematic errors mirroring human reasoning biases [4, 40].

Research specifically examining logical reasoning limitations shows that models struggle with opera-
tions involving negations, quantifiers, and abstract variables [4, 41]. Performance notably degrades when
reasoning involves counterfactual information [5, 42], with inconsistent handling of logically equivalent
problems presented in different formats [43].

2.6 Knowledge Conflicts and Counterfactual Reasoning

LLMs encode substantial factual knowledge in their parameters [12, 13], creating challenges when
encountering conflicting information. Recent studies categorize these conflicts into context-memory,
inter-context, and intra-memory conflicts [3] based on where the conflicting information originates.
Larger models typically default to parametric knowledge over conflicting contextual evidence [15],
though this varies based on evidence coherence and source reliability [44].

Counterfactual reasoning presents significant challenges, with models often performing poorly on
tasks involving hypothetical scenarios that contradict established facts [?]. Performance on questions with
counterfactual premises drops significantly compared to standard tasks, primarily due to conflicts between
parametric knowledge and counterfactual assertions [45]. Mitigation strategies include counterfactual
data augmentation [46] (training on synthetically altered data), specialized prompting techniques [47],
and distilled counterfactuals [48] (generating targeted examples that highlight conflicts).

2.7 Metacognition, Belief Bias, and Human Reasoning Parallels

Human reasoning exhibits well-documented cognitive biases, including belief bias, where argument
validity judgments are influenced by conclusion believability rather than logical structure [49]. This bias
intensifies with task difficulty [50] and creates an “illusion of objectivity” [51], where individuals believe
their reasoning is unbiased despite evidence to the contrary.
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LLMs mirror these human cognitive patterns, performing better when semantic content supports
logical inferences [4] and reasoning more effectively about believable situations compared to implausible
ones [52]. Even advanced models exhibit systematic errors paralleling human reasoning biases [40],
suggesting shared underlying mechanisms despite different architectures.

Metacognitive strategies in humans improve logical reasoning by distinguishing between belief
evaluation and logical assessment [53] – essentially separating “what I know” from “what follows
logically.” Similar capabilities are emerging in LLMs, including uncertainty estimation [54] (expressing
confidence in outputs), self-evaluation [44] (critiquing own reasoning), and belief identification [55]
(recognizing when premises conflict with knowledge).

2.8 Current Limitations in LLM Evaluation

The prevailing evaluation paradigm for Large Language Models has emphasized accuracy on stan-
dardized benchmarks. These benchmarks typically measure how often models produce correct answers
to well-defined questions across NLP tasks. While this accuracy-centric approach has driven progress
in model capabilities, it has created blind spots in our understanding of model reliability and consis-
tency [56].

Most existing benchmarks evaluate models on discrete, single-instance problems, inherently failing to
capture consistency across semantically equivalent scenarios. Benchmark datasets are often constructed
to maximize task diversity rather than facilitate consistency evaluation, making them largely unsuitable
for rigorous consistency assessment.

Furthermore, popular benchmarks focus on domains where objective ground truth is readily available,
such as mathematics or factual knowledge retrieval. Domains like moral reasoning, where ground truth
may be subjective or context-dependent, receive comparatively less attention in terms of consistency
evaluation, despite their importance for trustworthy AI deployment [28, 35].

The emphasis on accuracy has led to evaluation practices that might reward inconsistent behavior.
Models achieving high accuracy by exploiting statistical cues or memorizing patterns may perform well
on standardized tests while failing to maintain consistent reasoning when faced with novel presentations
of equivalent problems [57, 58].

Recent efforts like HELM (Holistic Evaluation of Language Models) [59] attempt to provide broader
coverage of model capabilities. However, dedicated, systematic consistency evaluation, particularly for
complex reasoning types like moral and counterfactual logical reasoning, remains an underexplored area
requiring specialized methodologies, datasets, and metrics. This gap necessitates the development of
novel evaluation paradigms, such as those proposed in this thesis, to specifically target and measure
different facets of consistency.
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Chapter 3

SaGE: Evaluating Moral Consistency in LLMs*

The development of Large Language Models has ushered in an era of unprecedented natural language
capabilities, with models demonstrating remarkable performance across diverse tasks from question
answering to creative writing. However, as these systems become increasingly integrated into real-
world applications, a critical question emerges: can we trust their moral reasoning to remain consistent
across semantically equivalent scenarios? This chapter introduces the Semantic Graph Entropy (SaGE)
framework, a novel information-theoretic approach to measuring moral consistency in LLMs, revealing
systematic inconsistencies that challenge our assumptions about model reliability.

3.1 The Challenge of Measuring Moral Consistency

Traditional evaluation metrics in natural language processing have predominantly focused on task-
specific accuracy, treating each instance as an independent evaluation point. While this approach suffices
for many applications, it fundamentally misses a crucial aspect of trustworthy AI systems: the ability to
maintain consistent moral judgments across paraphrased or semantically equivalent scenarios.

Consider the following pair of morally equivalent questions: “Should you tell your friend about
their partner’s infidelity?” versus “Is it right to inform a friend that their romantic partner is cheating?”
While semantically identical, these questions may elicit inconsistent responses from LLMs, not due to
computational limitations, but due to fundamental issues in how these models process and reason about
moral scenarios.

Moral Consistency is the ability to preserve non-contradictory moral values across different types of
situations, and is often considered the hallmark of ethics [18–20]. However, LLMs are known to yield

* This chapter is based on our paper: Bonagiri, V. K., Vennam, S., Govil, P., Kumaraguru,
P., & Gaur, M. (2024). SaGE: Evaluating Moral Consistency in Large Language Models. In
Proceedings of the 2024 Joint International Conference on Computational Linguistics, Language
Resources and Evaluation (LREC-COLING 2024), pages 14254–14269, Torino, Italia. ELRA and
ICCL. https://aclanthology.org/2024.lrec-main.1243/
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inconsistent outputs even in semantically equivalent contexts [17]. This inconsistent behavior, if shown in
moral scenarios, could lead LLMs to create confusion and uncertainty, corrupt users’ moral beliefs [34],
or behave in unexpected ways when deployed in the real world [32].

3.1.1 Limitations of Existing Evaluation Approaches

Current approaches to evaluating moral reasoning in LLMs suffer from several critical limitations.
Traditional metrics like BLEU [60] and ROUGE [61], designed primarily for text generation quality, fail
to capture the semantic coherence of moral reasoning. These lexical similarity measures may indicate
high scores for responses that are linguistically similar but morally contradictory.

Existing research works in evaluating LLM alignment examine task-specific accuracies with human-
labeled ground truth data in applications such as commonsense inference [62], reasoning [63], multi-
tasking [64], and truthful question-answering [65]. However, ground truth data alone may not be good
enough to evaluate LLMs [56], especially on more subjective and complicated problems, such as morality
and inconsistency.

3.2 Theoretical Foundation: Information Theory Meets Moral Reasoning

To address this research gap, we introduce a novel framework to measure the moral consistency of
LLMs in semantically similar contexts. Our method encompasses the development of the Moral Consis-
tency Corpus (MCC), extended from the existing “Moral Integrity Corpus” (MIC) [29]. Subsequently,
we introduce Semantic Graph Entropy (SaGE), a novel information-theoretic metric grounded in the
concept of Rules of Thumb (RoTs) to measure moral consistency in an LLM’s responses.

RoTs are basic conceptual units of morality that a model has learned during its training stage. [28]
and [29] define RoTs as fundamental judgments about right or wrong behavior. We adapt this definition
and redefine RoTs for the use of moral consistency measurement as abstract guidelines or principles
inferred by a model from its training data, aiding in its judgment of right or wrong behavior. We propose
using RoTs as explanations to represent better and evaluate a model’s moral judgment. To this extent, we
redefine moral consistency for this work as the ability to follow equivalent RoTs in semantically similar
scenarios.

3.2.1 Graph Entropy for Consistency Measurement

Graph entropy is a measure used to determine the structural information content of graphs [66].
Graph entropy measures have been applied in diverse fields such as sociology [67, 68], chemistry,
biology [66, 69], and even linguistics [70, 71].

We start with the definition of Shannon’s entropy [72]. Given a probability vector p = (p1, . . . , pn),
with 0 ≤ pi ≤ 1 and

∑n
i=1 pi = 1. The Shannon’s entropy of p is defined as:
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H(p) = −
n∑

i=1

pi log(pi) (3.1)

For a Graph G = (V,E), we consider the vertex probability defined by [73] as:

p(vi) =
f(vi)∑|V |
j=1 f(vj)

, (3.2)

where f(vi) is an arbitrary information functional of vi. Thus, the graph entropy I(G) is defined as:

I(G) = −
n∑

i=1

p(vi) log p(vi)

= −
n∑

i=1

f(vi)∑|V |
j=1 f(vj)

log
f(vi)∑|V |
j=1 f(vj)

.

(3.3)

3.3 The SaGE Metric: Design and Implementation

Given a question q and a generative language model M, the task of SaGE is to assess M’s consistency
level while answering q. We first generate n paraphrases of q, represented as X(q) = {x1, ..., xn}. Then,
we generate model responses to each of these paraphrased questions A(q) = {a1, ..., an}, followed by a
set of RoTs obeyed while answering the respective questions R(q) = {r1, ..., rn} (i.e., (xi, ai) → ri).
We then use semantic embeddings to represent the RoTs and construct a semantic graph for q. Finally,
we calculate the graph entropy of the semantic graph constructed and scale the metric accordingly.

3.3.1 Paraphrase Generation and Quality Control

As we are quantifying moral consistency in semantically equivalent scenarios, our approach heavily
relies on generating paraphrases. Recent works have proven that instruct-tuned LLMs produce effective
paraphrases [74]. We use an LLM to generate five high-quality paraphrases for each question in the
selected 10K questions. We used a Vicuna-13b model for the paraphrase generation, as our qualitative
visual inspection revealed that it produced suitable paraphrases for our task.

To ensure high quality1 [75], we filter the paraphrases by selecting those that yielded a ParaScore [76]
greater than 0.8. ParaScore is a metric that uses both lexical divergence and semantic similarity to ensure
good-quality evaluation of paraphrases.

3.3.2 Rules of Thumb Extraction

Prior attempts by [30] have shown that it is possible to generate RoTs by looking at the question-
answer pairs. Inspired by these approaches, we generate RoTs for every question-answer pair in MCC

1High-quality paraphrases are those which are semantically similar, yet lexically diverse.
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Figure 3.1: An illustration of our pipeline to evaluate moral consistency. Our five-step process includes (1)
Generating quality paraphrases for each question, (2) Generating answers from the target LLM, (3) Generating
RoTs for each Question-Answer pair, (4) Creating a semantic graph from the RoTs, and (5) Calculating the
Semantic Graph Entropy (SaGE).

using a few-shot approach [1]. The RoT extraction process employs structured prompts that encourage
models to articulate the fundamental moral principles underlying their responses:

A Rule of Thumb (RoT) is a fundamental judgment about right and wrong behavior. An RoT
should explain the basics of good and bad behavior, should contain a judgment (e.g. “you
should”) and an action (e.g. “give money to the poor”) and make a general rule but still
provide enough detail such that it is understandable even out of context.

3.3.3 Semantic Graph Construction and SaGE Calculation

To assess the consistency in the RoTs, we first convert their textual representations {r1, ..., rn}
to their respective semantic embeddings {s1, ..., sn}. We define a Semantic Graph Gs = (V,E)

as a graph with semantic embeddings with vertices V = {s1, s2, ..., sn}, and the edges as E =

{d(s1, s2), d(s1, s3), ..., d(s1, sn), ..., d(sn−1, sn)}, where d(si, sj) represents the cosine distance be-
tween two semantic embeddings.

We utilize the approach of generating semantic representations of the input sequences by employing
an SBERT DeBERTa model [77, 78], fine-tuned on Natural Language Inference (NLI) datasets [79].

We define SaGE as the graph entropy of our semantic graph Gs. In order to calculate SaGE, we define
the information functional f(vi) for our use case as:
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f(vi) =

n∑
j=1

sim(vi, vj) (3.4)

where sim(vi, vj) represents the semantic similarity (calculated using cosine similarity) between
vi and vj . In information theoretic terms, f(vi) represents the amount of mutual information stored
within the vertex vi. The underlying assumption is that semantically similar sequences hold more mutual
information [80]. Substituting this in eq. 3.2, we get:

p(vi) =

∑n
j=1 sim(vi, vj)∑n

i=1

∑n
j=1 sim(vi, vj)

(3.5)

Finally, the graph entropy I(Gs) is scaled by λ =
∑n

i=1

∑n
j=1 sim(vi, vj)/(n(n− 1)), to get:

I(Gs) = λ

n∑
i=1

p(vi) log(p(vi)) (3.6)

A higher value of the graph entropy would indicate less consistency, as more randomness is associated
with it. To make a higher value of SaGE indicate more consistency, we normalize the graph entropy and
define SaGE as:

SaGE(Gs) = 1− I(Gs)

log n
(3.7)

3.4 The Moral Consistency Corpus

To understand the level of moral consistency in LLMs, we develop the Moral Consistency Corpus
(MCC), containing 50K moral questions, depicting 10K unique moral scenarios, and 50K × 11 answers
given by 11 LLMs, along with the RoTs they used to answer these questions. MCC is constructed by
selectively augmenting 10K questions from MIC through paraphrasing and using 11 LLMs to generate
answers for these questions.

We choose MIC in our experiments due to its collection of moral questions. However, our approach
can be generalized to any dataset. The construction process balances automation with quality control,
ensuring scalable dataset creation while maintaining the semantic precision necessary for meaningful
consistency analysis.

Then, we generate answers for each paraphrased question using 11 different LLMs – OPT (125m, 1.3b,
2.7b, 6.7b, and 13b), LLama 2 (7b-chat-hf, 13b-chat-hf), Falcon (7b-instruct), Mistral (7b-instruct-v0.1),
GPT-3.5 Turbo, and GPT-4. We chose these LLMs as they are considered SOTA due to their performance
on popular benchmarks [81].
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3.5 Experimental Evaluation and Results

The experimental evaluation of SaGE encompasses comprehensive testing across 11 state-of-the-art
LLMs, validation against human judgments, and comparison with existing consistency metrics. This
multi-faceted evaluation establishes both the reliability of SaGE as a consistency measure and the
concerning lack of moral consistency in current LLMs.

3.5.1 Model Consistency Evaluation

For a question q, given n paraphrases X(q) = {x1, ..., xn}, with generated answers as A(q) =
{a1, ..., an}, [16]’s measure of consistency is defined as:

Conslex(q) =
2

n(n− 1)

n∑
i,j=1,i ̸=j

sim(ai, aj)

Here, sim(x, y) is replaced with lexical similarity metrics such as BLEU [60] and ROUGE [61].
Consequent works have replaced the lexical similarity metrics with semantic similarity metrics [82] for
more reliability. Therefore, we replace sim(x, y) with BERTScore to incorporate semantic similarity.

Model BLEU ROUGE BERTScore SaGE

Ans RoT Ans RoT Ans RoT Ans RoT

opt-125m 0.011 0.012 0.138 0.127 0.355 0.352 0.243 0.252
opt-1.3b 0.009 0.010 0.133 0.119 0.369 0.362 0.263 0.268
opt-2.7b 0.008 0.011 0.135 0.127 0.382 0.378 0.277 0.284
opt-6.7b 0.007 0.012 0.130 0.129 0.385 0.382 0.282 0.290
opt-13b 0.008 0.012 0.139 0.135 0.412 0.408 0.312 0.318

Mistral-7B-Instruct-v0.1 0.016 0.015 0.151 0.150 0.499 0.493 0.405 0.407
falcon-7b-instruct 0.027 0.016 0.194 0.159 0.648 0.621 0.584 0.563
Llama-2-7b-chat-hf 0.073 0.020 0.296 0.170 0.564 0.546 0.362 0.452
Llama-2-13b-chat-hf 0.084 0.020 0.261 0.176 0.660 0.635 0.595 0.575

GPT-3.5 Turbo † 0.056 0.015 0.217 0.151 0.613 0.529 0.681 0.478
GPT-4 † 0.055 0.0172 0.246 0.166 0.568 0.486 0.641 0.438

Table 3.1: Average consistency scores of 11 LLMs on MCC. The ‘Ans’ column represents the scores calculated on
LLM answers, and the ‘RoT’ column represents scores calculated on the generated RoTs. Results show that none
of the state-of-the-art LLMs cross a SaGE score of 0.681, indicating the inability of LLMs to be morally consistent.
Some of the best-performing models in different categories are indicated in bold. † : Results on a subset of MCC
(10%) due to API limitations.

The results reveal concerning patterns of moral inconsistency across all evaluated models. Of the
SOTA LLMs we picked, the maximum observed SaGE score was 0.681, revealing that LLMs are
inconsistent in moral scenarios. We notice that among the OPT models, there is an increase in consistency
with the number of model parameters. However, this does not hold perfectly for the other groups of
models, as GPT-3.5 Turbo shows a higher level of consistency compared to GPT-4.
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3.5.2 Human Validation Studies

To assess the reliability of SaGE, we compare it with the metrics mentioned above with respect to
human annotations. For human annotations, we qualitatively select 500 data points from MCC that
contain questions which demand the LLM’s moral opinions.

We asked the annotators to look at pairwise answers from the dataset, and determine if they are
semantically equivalent. To ensure the consistency of our annotations, we employed a three-rater system
where ‘Y’ denoted agreement (semantic equivalence), ‘N’ indicated disagreement, and ‘NA’ represented
uncertainty. We observed a Krippendorff’s α score of 0.868, signifying high reliability among annotators.

Table 3.2: Pearson correlations of SaGE with the average of human annotations. SaGE shows significant
improvement over the previous metrics. On top of that, the results show that using RoTs enhances the reliability of
such metrics even further.

Metric Answers RoTs

BLEU 0.391 0.412
ROUGE 0.459 0.476
BERTScore 0.522 0.527
SaGE 0.561 0.592

Results displayed in Table 3.2 show that SaGE best correlates with human judgments for our task.
Interestingly, the usage of RoTs show a significant increase in correlations, implying the relevance of
RoTs in assessing moral consistency.

3.5.3 Temperature Independence and Intrinsic Consistency

Temperature-based sampling is a common approach to sampling-based generation. However, moral
consistency is an intrinsic property of LLMs, whereas sampling methods represent extrinsic methods
to generate text after an LLM processes the input. To show that moral consistency is not a function of
temperature, we perform our consistency experiment on different temperature values in two settings: (1)
The model is prompted with the same question 5 times, and (2) with 5 different paraphrases.

As shown in Figure 3.2, While consistency decreases in the case of same questions, we see almost no
change in consistency in the case of paraphrasing. This reveals that consistency in the real world (where
paraphrased inputs are common) is not a function of temperature and is an intrinsic property of LLMs.
This shows that sampling-based extrinsic methods are not a fix for consistency, and special care needs to
be taken to train consistent models.

3.5.4 Independence of Consistency and Accuracy

To understand if consistency can be studied through established benchmarks, we employ our pipeline
on two popular benchmarks: TruthfulQA [65] and HellaSwag [62]. The major distinguishing factor of
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Figure 3.2: Representation of the variation in ROUGE and SaGE scores across different temperatures. The dashed
red line depicts consistency trends without paraphrasing, and the solid blue line depicts consistency trends with
paraphrases. The figure reveals that consistency is not dependent on temperature.

MCC from these datasets is that MCC does not have ground truth, while HellaSwag and TruthfulQA
have ground truth to evaluate accuracies against.

Table 3.3: SaGE scores and accuracies on TruthfulQA and HellaSwag. No correlations are observed between the
two, implying that consistency and accuracy are two different problems.

Model TruthfulQA HellaSwag

SaGE Accuracy SaGE Accuracy

opt-125m 0.258 0.357 0.164 0.313
opt-1.3b 0.258 0.260 0.162 0.537
opt-2.7b 0.282 0.374 0.151 0.614
opt-6.7b 0.285 0.351 0.156 0.687
opt-13b 0.315 0.341 0.146 0.712

Mistral-7B 0.421 0.567 0.529 0.756
falcon-7b 0.577 0.343 0.289 0.781
Llama-2-7b 0.452 0.388 0.563 0.786
Llama-2-13b 0.559 0.374 0.520 0.819

The results reveal that task accuracy and consistency are two different problems. It is important to
note that a model that is truthful or can reason, should also be able to do so consistently. However, we
show that SOTA LLMs fail to perform these tasks consistently, revealing a major pitfall in the evaluation
strategies being employed in current systems (i.e., through ground truth data).

3.5.5 Demonstrating Consistency Improvement

In order to explore possible strategies of improving consistency, we employ a naive method to see if
LLMs even have the ability to behave consistently. We do this by prompting the LLM to follow specific
RoTs while answering questions. These RoTs are human annotated, and are taken from the MIC corpus.
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Figure 3.3: Scatter plot between SaGE scores and dataset’s task accuracies. We observe no significant correlation,
implying that consistency and accuracy are two different problems.

Table 3.4: Average consistency scores before and after including RoTs to be followed in the prompt. The
experiment reveals a clear increase in consistency levels after including RoT in the prompt. The experiment is
carried out on 500 handpicked samples from MCC.

Model BLEU ROUGE BERTScore SaGE

GPT-3.5 0.015 0.151 0.529 0.438
GPT-3.5 with RoT prompting 0.018 0.169 0.565 0.548

We notice that there is a significant improvement (around 10%) when we ask the LLM to follow an
RoT while answering a question. This indicates that LLMs can be taught to follow rules consistently.
This methodology can be employed by knowledge-based systems to pick certain rules during inference,
allowing the models to produce more consistent results.

3.6 Key Findings and Implications

The comprehensive evaluation using SaGE reveals several critical findings that challenge current
assumptions about LLM reliability and trustworthiness:

Universal Consistency Challenges: No model achieves SaGE scores above 0.681, indicating that
even the most advanced LLMs fail to maintain consistent moral reasoning across semantically equivalent
scenarios more than 30% of the time.

Independence from Model Scale: Contrary to common assumptions, moral consistency does
not improve predictably with model size. GPT-3.5 Turbo’s superior consistency compared to GPT-4
particularly challenges the assumption that larger models necessarily exhibit better consistency.

Temperature Independence: Moral inconsistency represents an intrinsic model property rather than
an artifact of generation procedures, suggesting that consistency improvements require architectural or
training-level interventions.

Accuracy-Consistency Independence: Our analysis reveals that consistency and accuracy repre-
sent fundamentally independent dimensions of model performance, challenging the assumption that
improvements in benchmark accuracy translate to enhanced model reliability.
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Potential for Improvement: The success of RoT-guided prompting demonstrates that LLMs possess
the underlying capacity for coherent moral reasoning but require explicit guidance to maintain consistency
across semantically equivalent scenarios.

The SaGE framework establishes moral consistency as a critical but under-addressed challenge in
current LLM development, providing both a measurement tool and a research foundation for addressing
these consistency challenges in the pursuit of more trustworthy AI systems.
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Chapter 4

Logical Reasoning Under Knowledge Conflicts and Metacognitive
Interventions*

Large Language Models (LLMs) demonstrate impressive reasoning capabilities in familiar contexts,
but struggle when the context conflicts with their parametric knowledge. To investigate this phenomenon,
we introduce CounterLogic, a dataset containing 1,800 examples across 9 logical schemas, explicitly
designed to evaluate logical reasoning through counterfactual (hypothetical knowledge-conflicting)
scenarios . Our systematic evaluation of 11 LLMs across 6 different datasets reveals a consistent perfor-
mance degradation, with accuracies dropping by 27% on average when reasoning through counterfactual
information. We propose “Self-Segregate”, a prompting method enabling metacognitive awareness
(explicitly identifying knowledge conflicts) before reasoning. Our method dramatically narrows the
average performance gaps from 27% to just 11%, while significantly increasing the overall accuracy
(+7.5%). We discuss the implications of these findings and draw parallels to human cognitive processes,
particularly on how humans disambiguate conflicting information during reasoning tasks. Our findings
offer practical insights for understanding and enhancing LLMs’ reasoning capabilities in real-world
applications, especially where models must logically reason independently of their factual knowledge.

LLMs have demonstrated remarkable reasoning capabilities across diverse domains, exhibiting
proficiency in tasks ranging from elementary problem solving to complex-level multi-step reasoning
challenges [1, 14, 36, 83–85]. Despite these advances, they often exhibit a significant performance
degradation when reasoning with information that conflicts with their parametric knowledge (knowledge
acquired during pre-training) [3–5, 44, 86–88].

In Figure 1.2, the two syllogisms (A logical argument with two premises and a conclusion) are
logically equivalent. However, while LLMs excel at reasoning through the first example, they often
struggle significantly with the second, despite being explicitly instructed to reason based solely on

* This chapter is based on our paper: Ishwar Balappanawar†, Vamshi Krishna Bonagiri†, Anish
R Joishy†, Krishnaprasad Thirunarayan, Manas Gaur, and Ponnurangam Kumaraguru. “If Pigs
Could Fly... Can LLMs Logically Reason Through Counterfactuals?”. Currently Under Review at
EMNLP 2025. https://arxiv.org/abs/2505.22318v1
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the given premises [6, 7]. This disparity suggests that when faced with premises that contradict their
parametric knowledge, LLMs often fail to maintain consistent reasoning performance.

The ability to reason effectively in scenarios with potentially conflicting information is crucial for
deploying LLMs in real-world applications where they must process information that may be novel,
unexpected, or even contradictory to their training data [44, 44]. Consider the question: “If the Earth had
two suns, how would seasons differ from what we experience now?”. Such situations arise frequently
in everyday contexts [89], and failure to reason in them could lead to unreliable performance [90].
Additionally, prior research also suggests that evaluating reasoning in counterfactual situations may serve
as a more robust assessment of a model’s reasoning capabilities [5], as standard reasoning tasks can
potentially be hacked through pattern matching [5, 58, 91–93].

While knowledge conflicts are actively studied in language models, prior investigations have focused
on relatively simple tasks involving information extraction or single-step reasoning (Example: Who is the
current president of the USA?) [47]. These studies typically examine how models handle conflicts when
retrieving or extracting knowledge directly from their parameters or from provided text. However, there
has been limited exploration of how knowledge conflicts affect complex multi-step logical reasoning
processes, which is a capability essential for reliable AI systems [44, 92].

To address this gap, we introduce the CounterLogic dataset, specifically designed to evaluate complex
logical reasoning in counterfactual scenarios. CounterLogic features approximately 1,800 examples
spanning 9 logical schemas, carefully balanced across knowledge-consistent (contexts that align with
parametric knowledge) and knowledge-conflicting (counterfactual) scenarios. Through a systematic
evaluation of 11 state-of-the-art LLMs on 6 different datasets (including CounterLogic), we demonstrate a
consistent pattern of performance degradation (-27% on average) when reasoning through counterfactual
statements.

We introduce “Self-Segregation”, a metacognitive intervention that involves identifying knowledge
conflicts before reasoning through a task. Through a series of experiments, we show that this simple
strategy, used on top of existing methods such as chain-of-thought (COT) prompting [14], significantly
boosts LLM reasoning abilities, specifically in counterfactual scenarios. Our results show that with
Self-Segregation, the average accuracy gap between knowledge-consistent and knowledge-violating
scenarios drops by 16% (from 27% to 11%), while the overall accuracy improves by 7.5%.

Our findings suggest that the initial performance disparity could stem from unresolved or ignored
knowledge conflicts rather than inherent limitations in logical reasoning capabilities. Notably, these
performance patterns in LLMs mirror human cognitive reasoning processes. By introducing self-
segregation strategies, we can potentially enable LLMs to more effectively compartmentalize conflicting
information and apply logical operations, independent of their parametric factual knowledge [94].
Our approach draws inspiration from human metacognitive strategies for resolving ambiguities and
knowledge conflicts, suggesting a promising direction for enhancing logical reasoning capabilities in
language models.

Our contributions can be summarized as follows:
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1. We introduce CounterLogic, a novel dataset for evaluating logical reasoning in counterfactual
scenarios, and demonstrate that contemporary models consistently underperform in these contexts
despite their strong performance otherwise.

2. We propose a simple yet effective metacognitive awareness intervention, Self-Segregation, that
involves prompting models to explicitly identify knowledge conflicts before reasoning. Our method
significantly improves reasoning in knowledge-violating contexts, reducing the performance gap
by 16%.

3. Through a series of experiments, we study and discuss how knowledge conflicts impair reasoning
in LLMs and how metacognitive interventions can mitigate these effects, drawing parallels to
human cognitive processes.

4.1 The CounterLogic Dataset

Despite significant advances in evaluating LLMs’ logical reasoning capabilities [1, 14, 36, 83–85],
existing benchmarks fail to systematically disentangle logical validity from belief alignment (whether
premises align with parametric knowledge).

As shown in Table 4.1, current benchmarks either focus on logical structure without controlling
for knowledge conflicts (e.g., LogicBench [39], FOLIO [95]) or emphasize knowledge conflicts with
simple reasoning tasks (e.g., KNOT [92], Reasoning & Reciting [5]). To address this gap, we introduce
CounterLogic, a benchmark dataset containing 1,800 examples across 9 logical schemas with an equal
balance in knowledge-consistent and counterfactual datapoints. The dataset systematically combines
hierarchical entity relationships with various levels of formal logical structures to evaluate the interaction
between knowledge and reasoning in LLMs.

Table 4.1: Comparison of logical reasoning benchmarks. CounterLogic uniquely combines multi-step reasoning
with knowledge-conflicting scenarios while maintaining balance in labels. This enables rigorous evaluation of how
parametric knowledge affects LLMs’ logical reasoning capabilities, addressing limitations in existing benchmarks
that typically lack proper balance across important evaluation dimensions. While the Syllogistic dataset contains
knowledge conflicts data in a balanced manner, it severely lacks natural language queries, diversity, and depth in
logical rules (only syllogism).

Dataset Size # Reasoning
Steps

Knowl.
Conflict

Balanced
Labels

LogicBench [39] 2,020 1 ∼ 5 × ×
FOLIO [95] 1,435 0 ∼ 7 × ×
KNOT [92] 5,500 1 ∼ 2 ✓ ×
Reasoning & Reciting - Deductive Logic [5] 81 0 ∼ 7 ✓ ×
Syllogistic [41] 2,120 2 ✓ ✓

CounterLogic (Ours) 1,800 1 ∼ 5 ✓ ✓
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Figure 4.1: (A) Dataset Preparation: The dataset features hierarchical entity triples (e.g., siameses ⊂ cats ⊂
felines) mapped to 8 logical sentence templates across 9 inference schemas. Each example is balanced across
validity (50% valid/invalid) and believability (50% aligned/conflicting), with ground truth annotations for both
dimensions. The dataset construction combines subset relationships with propositional logic forms (Modus Ponens,
Hypothetical Syllogism, etc.) to systematically evaluate knowledge-logic interactions. (B) Our Self-Segregate
method: While the standard prompt simply presents LLMs with a counterfactual context followed by related
questions, our Self-Segregate approach first engages the model metacognitively by eliciting its responses to
knowledge-alignment questions. (This could be as simple as asking whether a given statement is true).
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4.1.1 Dataset Construction

As illustrated in Figure 4.1, the CounterLogic dataset was constructed through a four-stage process:
(1) Entity Perturbation: We begin with hierarchical entity triples (a, b, c) representing strict subset

relationships: a ⊂ b ⊂ c. These include natural taxonomies such as siameses ⊂ cats ⊂ felines.
(2) Sentence Pair Generation: These entities are mapped to four sentence templates forming

complementary logical pairs S and ¬S (e.g., “All {A} are {B}” and “Some {A} are not {B}”), yielding
diverse sentence pairs that serve as atomic propositions.

To ensure systematic coverage, we enforce entity relationship balance: 25% with correct hierarchical
relationship (e.g., siameses ⊂ cats), 25% with inverted relationship (e.g., cats ⊂ siameses), and 50% with
unrelated entity pairs. All four sentence-pair templates are distributed evenly across examples.

(3) Logical Query Generation: Inspired by LogicBench [39], these sentence pairs are then incor-
porated into formal logical structures according to the inference schemas such as Modus Ponens (MP),
Hypothetical Syllogism (HS), Constructive Dilemma (CD), etc. A template-based converter is used to
transform these sentences into logical structures.

(4) Natural Language Task Generation: We create binary question-answer tasks with systematic
variation across (1) Logical validity (whether conclusions follow from premises) and (2) Knowledge
alignment (whether conclusions match parametric knowledge). In order to ensure the LLMs are not
simply answering questions via memorized logical rules [5, 96], we convert the logical queries to natural
language using GPT-4o. We systematically assign ground truth belief status using the initial sentence
beliefs (obtained through hierarchically valid triplets), and logical validity using the formal logical rules.
Additionally, for each logical form, we construct both Valid (Instances where the conclusion logically
follows from the premises) and Invalid Instances (where the logical structure is violated by replacing the
statements in the conclusion with statements that cannot be inferred from the premises) examples.

This construction allows for a controlled investigation of reasoning performance in the presence or
absence of knowledge alignment.

4.2 Methodology

4.2.1 Research Questions

Our investigation focuses on three primary research questions:

1. RQ1 How do LLMs perform on logical reasoning tasks in counterfactual scenarios, compared to
knowledge-consistent scenarios?

2. RQ2: Can prompt-based interventions that modify how models approach reasoning tasks, have
any effect?

3. RQ3: What mechanisms might explain the observed differences?

To address these questions, we conduct a series of experiments across multiple reasoning tasks,
models, and prompting strategies. We first establish baseline performance across 6 reasoning tasks to
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quantify the impact of knowledge conflicts on reasoning (RQ1). We then evaluate our most effective
prompt-based intervention (RQ2), “Self-Segregate”. Finally, we discuss insights from our experiments
(RQ3).

4.2.2 Evaluation Methodology

We evaluate 11 state-of-the-art LLMs spanning different architectures, parameter scales, and training
paradigms. To ensure robust performance measurements, we employ self-consistency checks through
multiple sampled outputs per datapoint (5 generations per example), and report their respective mean and
variance. This approach accounts for generation variability, as LLMs may produce inconsistent results
with similar queries [8].

4.2.3 Self-Segregation

LLMs tend to process premises directly without explicitly considering whether these premises conflict
with their parametric knowledge (This can sometimes occur in extended COT reasoning, but our method
proves to be superior). Self-Segregate introduces a metacognitive step that requires models to first
identify whether premises align with or contradict their knowledge before performing logical reasoning
(illustrated in Figure 4.1B).

The method works in two distinct phases:

1. Knowledge Alignment Assessment: Models first examine the premises or conclusion and explic-
itly state whether they align with or contradict their parametric knowledge. This creates an explicit
awareness of a “boundary” between the model’s factual knowledge and the reasoning task.

2. Standard Reasoning Process: models proceed to evaluate the logical validity of the argument
based solely on the given premises. We use COT as our standard prompt due to its superior
performance, and compare against it in all of our results.

Our approach is inspired by human metacognitive strategies for handling conflicting information (i.e,
when humans consciously recognize that information contradicts their existing knowledge, they can more
effectively reason through it by temporarily compartmentalizing that conflict) [94, 97].

4.2.4 Reasoning Datasets

Along with CounterLogic, we evaluate performance across six other reasoning tasks, each designed
to assess specific aspects of logical reasoning under knowledge conflicts. For each of the following tasks,
we implement a tailored version of our Self-Segregation method. The following are the tasks:

Hierarchical Syllogisms: Derived from classical syllogistic reasoning and adapted from [41]’s
work, this task presents logically structured arguments where the conclusion may conflict with world
knowledge. Each example contains two premises and a conclusion, with models evaluating logical
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validity. For Self-Segregation, models first assess the conclusion statement in isolation for its alignment
with parametric knowledge, then evaluate the full syllogism’s logical validity.

KNOT: Adapted from the Knowledge Conflict Resolution benchmark [92], this task evaluates
reasoning through explicit (KNOT-E) and implicit (KNOT-I) conflict resolution. Each instance contains a
passage with counterfactual information, a question, and an answer. The Self-Segregation implementation
first presents the answer in isolation for plausibility assessment, then provides the full passage and
question-answer pair for contextual reasoning. This separation tests models’ ability to distinguish
between prior knowledge and contextual truth.

FOLIO: Using long-form deductive reasoning problems from FOLIO [95], this task requires evalu-
ating whether conclusions logically follow from multi-step narratives. Our Self-Segregation approach
first presents the conclusion for isolated plausibility judgment, then provides the complete narrative for
logical analysis.

LogicBench: This reasoning dataset [39] combines first-order, non-monotonic, and propositional logic
problems. It tests models’ ability to follow formal logical rules while overriding potentially conflicting
parametric knowledge. The Self-Segregation implementation presents questions and answers without
supporting context for initial plausibility assessment, followed by complete logical contexts for formal
evaluation.

Reasoning and Reciting, Deductive Logic: Adapted from [5], this task evaluates deductive logic
over premise sets. Models must determine whether claims logically follow from premises, regardless of
whether those premises contradict physical knowledge. The Self-Segregation implementation presents
claims in isolation for plausibility assessment before introducing the complete premise set for logical
evaluation. An example presents non-physical premises about objects floating forever, testing the ability
to follow logical rules despite contradicting physical knowledge.

CounterLogic: For our novel benchmark, we apply the same two-stage reflection approach used in
the Hierarchical Syllogisms task, first assessing conclusion plausibility in isolation before evaluating
logical validity within the full syllogistic context.

4.3 Results and Analysis

Our experimental evaluation reveals consistent patterns across all models and tasks, confirming that:
(1) LLMs struggle significantly when reasoning through counterfactual premises and (2) metacognitive
awareness interventions via Self-Segregation substantially improve performance in knowledge-conflicting
scenarios. We discuss it in detail in this section (Figures 4.2. 4.3, and 4.4 summarize the results.

4.3.1 Knowledge Conflicts Significantly Impair LLM Logical Reasoning

As shown in Figures 4.3 and 4.4, when evaluated on the reasoning tasks, all models demonstrate a
substantial performance gap between knowledge-consistent and counterfactual scenarios. We find that
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this holds even across various prompting strategies like Zero-Shot, Few-Shot, and Chain-of-Thought
Prompting.

Under the baseline condition, models achieve considerably higher accuracy on knowledge-consistent
examples 96% (on average) compared to knowledge-violating examples 69% on average, with perfor-
mance gaps of about 27% averaged across models.

This pattern holds consistently across all the models, indicating that the phenomenon is not specific to
particular models or training paradigms. Notably, even the most capable models exhibit this disparity,
suggesting that knowledge-conflict interference represents a fundamental challenge in LLM reasoning
rather than merely a limitation of smaller or less capable models. Models like Qwen-2-72B show
the highest accuracy difference of 47% in the baseline setup, which then greatly improves in the self-
segregation setup bringing the gap down to 13%.

This gap appears despite explicit instructions to reason based solely on given premises, highlighting
the pervasive nature of parametric knowledge interference in logical reasoning tasks. Our findings on the
CounterLogic dataset further confirm this pattern, with an average performance of 88% on knowledge-
consistent examples, 85% on knowledge-violate examples and an average performance gap of 3% on the
baseline condition (Figure 4.4).

4.3.2 Self-Segregation Dramatically Improves Both Counterfactual and Overall Perfor-
mance

Our Self-Segregation method yields substantial improvements across all evaluated models and datasets.
As illustrated in Figure 4.2, this approach consistently improves the overall accuracy across most models
and tasks.

Figure 4.2 presents this improvement across six distinct reasoning tasks. The most dramatic gains are
observed on the Hierarchical Syllogisms task, where Self-Segregation improves overall accuracy by an
average of 7.5%.

We observe that the self-segregation strategy was more effective for datasets like Hierarchical Syllo-
gisms, KNOT (Implicit and Explicit), and they show the most improvement, while there was little to no
improvement on the FOLIO, emphasizing the need for better conflict resolution strategies for tasks that
involve deep chains of reasoning [95].

The results on our CounterLogic also follow the same trend, with the overall accuracy performance
increasing by 5% on average. The performance on knowledge-consistent examples rose to 93% from
88%, and the performance on knowledge-inconsistent examples to 90% from 85%.

Importantly, this intervention improves reasoning on knowledge-violating scenarios without degrading
performance on knowledge-consistent ones. In fact, as shown in Figures 4.3 and 4.4, accuracy on
knowledge-consistent examples also improves slightly under the metacognitive condition, suggesting
that explicit reflection on knowledge alignment benefits logical reasoning more generally.
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Figure 4.2: Accuracy comparison between the baseline setup and our metacognitive self-segregation setup
across models. The right bar (sky blue) for each model represents accuracy using standard prompts, while the left
bar (salmon) shows accuracy using our Self-Segregate prompts. Self-Segregate consistently improves performance
across tasks, including KNOT, LogicBench, FOLIO, Hierarchical Syllogisms, and Deductive Logic. All models
were run using the OpenRouter API.

Figure 4.3: Hierarchical Syllogisms task. Accuracy comparison between knowledge-consistent and knowledge-
violating examples across models. The left panel in each subfigure shows results using ground-truth knowledge-
alignment labels (Baseline), and the right panel shows performance when models (Refer legend in Figure-4.2) use
their own knowledge-alignment prediction (self-segregation). Blue bars represent knowledge-consistent examples,
while orange bars indicate knowledge-violating ones. The self-segregation setup not only improves accuracy across
both subsets but also significantly reduces the performance disparity between them, demonstrating the effectiveness
of metacognitive prompting in enhancing belief-robust reasoning.
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Figure 4.4: CounterLogic task. Accuracy comparison between knowledge-consistent and knowledge-violating
examples across models. The left panel in each subfigure shows results using ground-truth knowledge-alignment
labels (Baseline), and the right panel shows performance when models (Refer legend in Figure-4.2) use their own
knowledge-alignment prediction (self-segregation). Blue bars represent knowledge-consistent examples, while
orange bars indicate knowledge-violating ones. The self-segregation setup not only improves accuracy across both
subsets but also significantly reduces the performance disparity between them, demonstrating the effectiveness of
metacognitive prompting in enhancing belief-robust reasoning.

4.4 Discussion

Our findings reveal a fundamental tension in how LLMs approach logical reasoning when faced with
information that contradicts their parametric knowledge. The consistent performance gap observed across
models and tasks suggests this challenge is intrinsic to current language model architectures and training
paradigms, rather than a limitation of specific models.

This performance disparity echoes well-documented phenomena in human reasoning. Cognitive
psychologists have long observed belief bias effects, where humans judge argument validity based on
conclusion believability rather than logical structure [49, 86]. The parallel between human and LLM
reasoning biases suggests deeper connections between the cognitive mechanisms underlying both. This
alignment in behavior also highlights the potential of leveraging cognitive theories to inform the design
of more robust and interpretable language model reasoning frameworks. While humans can override this
bias through deliberate metacognitive effort, our experiments demonstrate that LLMs similarly benefit
from prompted metacognitive approaches (namely our Self-Segregate method).

The effectiveness of our metacognitive intervention provides insight into how LLMs process con-
flicting information. By explicitly prompting models to identify knowledge conflicts before reasoning,
we create a form of epistemic compartmentalization [94], helping models distinguish between what
they “know” from their parameters and what they must accept as given in the current reasoning context.
Our approach appears to reduce interference between factual knowledge retrieval and logical opera-
tion application, allowing models to maintain logical consistency even when processing counterfactual
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premises. Our proposed approach is a simple abstraction derived from a set of extensive experiments,
with meaningful insights.

4.4.1 Belief Bias in Language Models

The performance patterns observed across CounterLogic and related benchmarks closely parallel
the belief bias phenomenon well-documented in human cognitive psychology. Belief bias occurs when
argument validity judgments are influenced by conclusion believability rather than logical structure,
leading to systematic errors in logical reasoning tasks.

Human studies demonstrate that people more readily accept logically valid arguments when con-
clusions align with their beliefs and more readily reject logically invalid arguments when conclusions
contradict their beliefs. This bias intensifies with task difficulty [50] and creates an “illusion of objectiv-
ity” [51], where individuals believe their reasoning is unbiased despite evidence to the contrary.

LLMs mirror these human cognitive patterns, performing better when semantic content supports
logical inferences [4] and reasoning more effectively about believable situations compared to implausible
ones [52]. Even advanced models exhibit systematic errors paralleling human reasoning biases [40],
suggesting shared underlying mechanisms despite the different architectures.

Metacognitive strategies in humans improve logical reasoning by distinguishing between belief evalu-
ation and logical assessment [53]—essentially separating “what I know” from “what follows logically.”
Similar capabilities are emerging in LLMs, including uncertainty estimation [54] (expressing confidence
in outputs), self-evaluation [44] (critiquing own reasoning), and belief identification [55] (recognizing
when premises conflict with knowledge). When confirmation bias is modulated by confidence, systems
become more receptive to corrective information when confidence is low [98], suggesting potential
mechanisms for improving reasoning with conflicting knowledge in LLMs.
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Chapter 5

Discussion, Implications, and Conclusion

The investigations presented in this thesis reveal fundamental challenges in the consistency and
reliability of Large Language Models that extend far beyond accuracy-focused evaluations. Through
the development of SaGE, CounterLogic, and Self-Segregate, we have uncovered systematic patterns
of inconsistency that persist across model architectures, scales, and training paradigms. These findings
challenge prevailing assumptions about the relationship between model capability and reliability while
providing practical pathways toward more trustworthy AI systems.

5.1 Unified Understanding of Consistency Challenges

The consistency challenges documented across moral and logical reasoning domains share several
important characteristics that illuminate the fundamental nature of reliability issues in current LLMs.
Both moral inconsistency and knowledge conflict interference stem from the same core challenge: models
struggle to maintain coherent reasoning frameworks when task requirements conflict with patterns learned
during training.

5.1.1 Knowledge Interference as a Universal Mechanism

The parametric knowledge stored in LLM weights, while enabling impressive performance on
knowledge-intensive tasks, creates systematic interference when reasoning requirements diverge from
training data patterns. In moral reasoning contexts, this interference manifests as inconsistent application
of moral principles across semantically equivalent scenarios. State-of-the-art models fail to achieve SaGE
scores above 0.681, revealing widespread moral inconsistency even in the most capable systems.

In logical reasoning contexts, knowledge interference appears as systematic bias toward conclusions
that align with factual knowledge rather than logical requirements. This results in an average 27%
performance degradation when reasoning through counterfactual information, with some models showing
gaps as large as 47%.

The effectiveness of metacognitive interventions in mitigating knowledge interference provides
important insights into potential solutions. By explicitly separating knowledge assessment from logical
analysis, Self-Segregate enables models to acknowledge parametric knowledge while preventing it from
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biasing reasoning processes. This approach reduces the average performance gap from 27% to just 11%,
while simultaneously improving overall accuracy by 7.5%.

5.1.2 Scale Independence of Consistency Problems

One of the most striking findings is the independence of consistency challenges from model scale
and general capability levels. Larger models do not consistently demonstrate better moral consistency or
reduced knowledge conflict interference, despite their superior performance on traditional benchmarks.

GPT-3.5 Turbo’s superior moral consistency compared to GPT-4, despite GPT-4’s advantages on
most other benchmarks, exemplifies this disconnect between general capability and consistency. Among
the OPT models, consistency increases with parameter count, but this pattern does not hold universally
across model families.

This scale independence implies that targeted approaches to consistency improvement are necessary
regardless of continued scaling. Simply building larger models will not automatically solve reliability
challenges, suggesting the need for specialized training approaches or inference-time interventions
specifically designed to enhance consistency.

5.2 The Accuracy-Consistency Trade-off

Our investigations reveal a complex relationship between accuracy and consistency that challenges
simple assumptions about AI system optimization. The evidence from both moral reasoning and logical
inference contexts suggests that accuracy and consistency represent largely orthogonal performance
dimensions.

5.2.1 Independent Performance Dimensions

Models can achieve high accuracy on individual reasoning instances while exhibiting systematic in-
consistencies across related scenarios. This orthogonality has important implications for AI development
priorities. Optimizing solely for accuracy on standard benchmarks may produce systems that perform
well in controlled evaluation contexts but exhibit unreliable behavior in deployment scenarios requiring
consistent reasoning across varied formulations of similar problems.

The results on TruthfulQA and HellaSwag demonstrate this independence clearly. We observe no
significant correlation between SaGE scores and dataset accuracies, revealing that task accuracy and
consistency are fundamentally different problems (Lin et al., 2022; Zellers et al., 2019). A model
that is truthful or can reason well should also be able to do so consistently, yet our findings show that
state-of-the-art LLMs fail to perform these tasks consistently.
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5.2.2 Synergistic Enhancement Opportunities

While accuracy and consistency represent distinct capabilities, our investigations reveal contexts where
improvements in one dimension support enhancements in the other. The Self-Segregate intervention
demonstrates this synergy by simultaneously reducing consistency gaps and improving overall accuracy
across reasoning tasks.

The synergy appears to stem from addressing fundamental issues in reasoning processes that affect
both accuracy and consistency. By reducing knowledge interference and improving reasoning coherence,
interventions can enhance performance across multiple dimensions simultaneously rather than requiring
trade-offs between different objectives.

5.3 Implications for AI Development and Deployment

The consistency challenges revealed through our investigations have immediate and long-term impli-
cations for how AI systems are developed, evaluated, and deployed.

5.3.1 Rethinking Evaluation Practices

Traditional AI evaluation practices, focused primarily on accuracy measurement across individual
instances, provide inadequate assessment of the reliability characteristics that matter most for practical
deployment. The SaGE framework and CounterLogic benchmark demonstrate that consistency evaluation
requires fundamentally different approaches that assess coherence across related examples rather than
accuracy on isolated instances.

The disconnect between accuracy and consistency observed across our investigations suggests that
current evaluation practices may systematically overestimate the reliability of AI systems for real-world
deployment. Future evaluation frameworks should incorporate consistency assessment as a standard
component rather than an optional extension.

5.3.2 Training and Architecture Considerations

The persistence of consistency challenges across different model architectures and training approaches
suggests that addressing these issues may require fundamental changes to current AI development
practices. Training approaches that explicitly incorporate consistency objectives alongside accuracy goals
represent one promising direction for improvement.

However, the practical success of Self-Segregate suggests that significant consistency improvements
may be achievable through structured inference procedures that work with existing architectures. The
method’s effectiveness across diverse models and tasks provides optimism for near-term deployment
while longer-term architectural research addresses more fundamental solutions.
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Our experiments also reveal that consistency is an intrinsic property of LLMs, independent of
hyperparameters like temperature. This shows that sampling-based extrinsic methods are not a fix for
consistency, and special care needs to be taken to train consistent models.

5.4 Broader Impact and Human Reasoning Parallels

The consistency challenges revealed in this thesis extend beyond technical considerations to encompass
broader questions about the role of AI systems in society and the requirements for trustworthy artificial
intelligence.

The systematic inconsistencies documented across our investigations directly impact the trustworthi-
ness of AI systems in real-world applications. Trust in AI requires not only accurate performance but
also predictable and reliable behavior across the varied contexts that characterize practical deployment
scenarios.

The parallels between human and AI consistency challenges revealed through our investigations
provide additional insights. Human reasoning exhibits well-documented cognitive biases, including
belief bias, where argument validity judgments are influenced by conclusion believability rather than
logical structure (Markovits and Nantel, 1989). This bias intensifies with task difficulty and creates an
“illusion of objectivity” where individuals believe their reasoning is unbiased despite evidence to the
contrary (Kunda, 1990).

LLMs mirror these human cognitive patterns, performing better when semantic content supports
logical inferences and reasoning more effectively about believable situations compared to implausible
ones (Dasgupta et al., 2024). The parallel between human and LLM reasoning biases suggests deeper
connections between the cognitive mechanisms underlying both, despite different architectures.

While humans can override bias through deliberate metacognitive effort, our experiments demonstrate
that LLMs similarly benefit from prompted metacognitive approaches like Self-Segregate. This suggests
promising directions for enhancing reasoning capabilities by drawing inspiration from human cognitive
strategies.

5.5 Summary of Contributions and Key Insights

This thesis has investigated fundamental challenges in the consistency and reliability of Large
Language Models, revealing systematic patterns of inconsistency that persist across model architectures,
scales, and training paradigms. The primary contributions span three interconnected areas: evaluation
methodologies, empirical findings, and practical interventions.

We introduced two comprehensive evaluation frameworks that address critical gaps in current AI
assessment practices. The SaGE framework provides the first systematic approach to measuring moral
consistency through information-theoretic analysis of Rules of Thumb across semantically equivalent sce-
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narios. The CounterLogic benchmark enables rigorous assessment of logical reasoning under knowledge
conflicts through 1,800 examples across 9 logical schemas.

Our systematic evaluation of 11 state-of-the-art language models revealed several fundamental insights.
The universality of consistency challenges across different model architectures and scales demonstrates
that these issues represent intrinsic characteristics of current approaches rather than limitations of specific
implementations. The independence of consistency from model scale challenges prevailing assumptions
about the relationship between model capability and reliability.

The development and validation of Self-Segregate represents a significant practical contribution. This
metacognitive intervention reduces average performance gaps from 27% to 11% while simultaneously
improving overall accuracy by 7.5%. The dual benefit challenges assumptions about trade-offs between
accuracy and consistency, suggesting that well-designed interventions can enhance both dimensions
simultaneously.

5.6 Limitations and Future Research Directions

While this thesis provides comprehensive investigation of consistency challenges in LLMs, several
limitations suggest important directions for future research.

The investigations focus primarily on English-language contexts and specific reasoning domains,
limiting the generalizability of findings to multilingual contexts and other forms of reasoning. The moral
reasoning investigations, while comprehensive within their scope, cannot capture all possible moral
reasoning contexts or cultural perspectives on ethical decision-making.

The logical reasoning investigations focus on formal logical structures that, while fundamental,
represent only a subset of the reasoning challenges that arise in practical applications. Real-world
reasoning often involves probabilistic inference, analogical reasoning, and other forms of analysis that
may exhibit different consistency challenges requiring specialized evaluation approaches.

Future research should explore alternative mathematical frameworks for consistency measurement
that complement information-theoretic approaches. Extension of consistency evaluation to other rea-
soning domains represents another important direction, as each domain may present unique consistency
challenges requiring specialized frameworks.

The consistency research presented in this thesis intersects with broader trends in AI research including
interpretability, robustness, and alignment. Understanding how consistency challenges relate to other
reliability concerns could lead to more comprehensive approaches to AI system trustworthiness.

5.7 Conclusion

The work presented in this thesis reveals both sobering limitations and encouraging opportunities
in current AI systems. The systematic inconsistencies documented across reasoning domains highlight
significant reliability challenges that must be addressed before AI systems can be trusted in high-stakes
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applications. However, the effectiveness of evaluation frameworks like SaGE and interventions like
Self-Segregate demonstrates that these challenges are not insurmountable.

The independence of consistency from traditional capability measures suggests that the AI research
community must broaden its evaluation practices beyond accuracy-focused benchmarks. Consistency
evaluation should become a standard component of AI assessment, particularly for systems intended for
deployment in contexts where reliability matters.

Perhaps most importantly, this work demonstrates that consistency represents a tractable research
challenge that can be systematically investigated, measured, and improved. The frameworks and
interventions developed provide practical tools for enhancing AI reliability while establishing foundations
for continued research into trustworthy artificial intelligence.

As Large Language Models become increasingly integrated into society, ensuring their consistency
and reliability becomes not just a technical challenge but a societal imperative. The work presented
in this thesis provides both the tools and insights necessary to meet this challenge, contributing to the
development of AI systems that are not only capable but also trustworthy and reliable across the diverse
contexts that characterize real-world deployment.

The future of AI depends not only on advancing capability but also on ensuring reliability. This
thesis provides a foundation for both understanding and addressing the consistency challenges that stand
between current AI systems and truly trustworthy artificial intelligence.
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