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Abstract—A fundamental challenge in reasoning is navigating
hypothetical, counterfactual worlds where logic may conflict
with ingrained knowledge. We investigate this frontier for Large
Language Models (LLMs) by asking: Can LLMs reason logically
when the context contradicts their parametric knowledge? To
facilitate a systematic analysis, we first introduce CounterLogic,
a benchmark specifically designed to disentangle logical validity
from knowledge alignment. Evaluation of 11 LLMs across six
diverse reasoning datasets reveals a consistent failure: model
accuracy plummets by an average of 14% in counterfactual
scenarios compared to knowledge-aligned ones. We hypothesize
that this gap stems not from a flaw in logical processing, but
from an inability to manage the cognitive conflict between context
and knowledge. Inspired by human metacognition, we propose a
simple yet powerful intervention: Flag & Reason (FaR), where
models are first prompted to flag potential knowledge conflicts
before they reason. This metacognitive step is highly effective,
narrowing the performance gap to just 7% and increasing overall
accuracy by 4%. Our findings diagnose and study a critical
limitation in modern LLMs’ reasoning and demonstrate how
metacognitive awareness can make them more robust and reliable
thinkers1.

Index Terms—Large Language Models, Logical Reasoning,
Knowledge Conflicts, Counterfactual Reasoning, Benchmarking,
Belief Bias

I. INTRODUCTION

LLMs have demonstrated remarkable reasoning capabilities
across diverse domains, exhibiting proficiency in tasks ranging
from elementary problem solving to complex multi-step rea-
soning challenges [1]–[5]. Despite these advances, they often
exhibit a significant performance degradation (see Fig 1) when
reasoning with information that conflicts with their parametric
knowledge obtained during training [6]–[11].

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 [9]. For instance, engaging in scientific exploration

1Our data and code are available at
https://github.com/Sukin272/CounterLogic.git
* Authors contributed equally to this work
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Fig. 1: When asked to reason solely based on the given premises,
LLMs reliably validate arguments that are knowledge-aligned (top),
but their performance degrades on logically identical arguments that
are knowledge-conflicting (bottom). In the above case, the model
labels “All Pigs are Birds” as false even though it follows from the
given premises. This is observed despite asking the model to reason
solely based on premises and ignore factuality.

or understanding historical debates requires reasoning from a
counterfactual premise, such as: “Assuming the sun revolves
around the Earth, describe the predicted path of Mars in the
night sky.” Such situations are central to creative and scientific
thought [12], and failure to reason with them could lead to
unreliable performance [13]. Additionally, prior research also
suggests that evaluating reasoning in counterfactual situations
may serve as a more robust assessment of a model’s reasoning
capabilities [10], as standard reasoning tasks can potentially
be hacked through pattern matching [10], [14]–[16].

While knowledge conflicts are actively studied, prior inves-
tigations have focused on relatively simple tasks involving
information extraction or single-step reasoning (example: Who
is the current president of the USA?) [17]. Consequently,
existing benchmarks either test complex logical reasoning
without controlling for knowledge conflicts, or test simple
knowledge conflicts with shallow, single-step reasoning. As



summarized in Table I, no benchmark has been designed to
systematically probe multi-step logical reasoning under the
stress of counterfactuals.

To address this gap, we introduce CounterLogic, a benchmark
designed to disentangle logical validity from knowledge
alignment. Our framework is easily extendable and currently
implements 9 logical schemas with problems that systematically
scale in complexity from 1 to 9 reasoning steps. Using
CounterLogic and five other datasets (see Table I), our large-
scale evaluation of 11 LLMs reveals a pervasive failure: model
accuracy plummets by an average of 14% in counterfactual
scenarios. Further analysis reveals that this performance gap
is not exacerbated by the number of reasoning steps, but is
instead critically dependent on the logical schema. Specifically,
the gap soars past 30% on tasks requiring negation, while being
minimal on simpler forms.

We hypothesize that this failure stems not just from an
inability to reason, but from an inability to manage the cogni-
tive conflict that arises when premises contradict parametric
knowledge. Inspired by human metacognition, the ability to
reflect on one’s own thinking to resolve such conflicts [18],
we propose a simple yet powerful intervention called Flag
& Reason (FaR). Before reasoning, we prompt the model to
first flag whether a conclusion is factually believable, forcing
it to confront the knowledge conflict. Our experiments show
FaR is highly effective, narrowing the performance gap to
just 7% and increasing overall accuracy by 4% on average.
Our analysis of the models’ chain-of-thought reveals that this
intervention works by anchoring the reasoning process in the
initial acknowledgment of the conflict, preventing knowledge
bias from derailing the subsequent logical steps.

In this paper, we first use CounterLogic (Section III) and
other benchmarks to diagnose a pervasive failure in LLM
reasoning (Section IV). We then propose a metacognitive
intervention, FaR, to address this failure (Section V) and
analyse its effectiveness.

Our contributions can be summarized as follows: (1) We
introduce CounterLogic, a balanced benchmark for evaluating
multi-step logical reasoning in knowledge-conflicting scenarios;
(2) we quantify and analyse a pervasive reasoning failure
in LLMs, specifically a significant performance drop when
logical validity clashes with a model’s parametric knowledge;
and (3) we propose and discuss Flag & Reason (FaR), a
simple, metacognitive intervention that significantly mitigates
this failure, narrowing the identified performance gap and
increasing overall accuracy.

II. RELATED WORK

Recent advancements in prompting techniques, such as chain-
of-thought and tree-of-thought, have significantly enhanced
LLM reasoning capabilities [2], [3], [22]. Despite these im-
provements on standard benchmarks [19], [23], models continue
to exhibit systematic failures akin to human cognitive biases,
particularly when handling negation, quantifiers, and abstract
variables [6], [21], [24], [25]. This fragility is most evident in
counterfactual scenarios where logical validity conflicts with

Dataset Size # Steps Conflict Balance

LogicBench [19] 2,020 1 ∼ 5 × ×
FOLIO [20] 1,435 0 ∼ 7 × ×
KNOT [15] 5,500 1 ∼ 2 ✓ ×
Syllogistic [21] 2,120 2 ✓ ×

CounterLogic (Ours) 1,800* 2 ∼ 9* ✓ ✓

TABLE I: Comparison of logical reasoning benchmarks. Coun-
terLogic 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. *We provide a dataset generation framework
and the numbers can be easily changed as per the requirements.

parametric knowledge [10], [26], prompting researchers to
explore hybrid symbolic methods and formal verification to
improve consistency and robustness [27]–[29].

The tension between an LLM’s vast parametric memory and
contradictory context creates significant “knowledge conflicts”
[11], [30], [31]. Larger models often default to prior knowledge
over new evidence [32], [33], a tendency that severely degrades
performance in counterfactual tasks requiring the acceptance
of false premises [3], [26], [34]. While strategies such as
counterfactual data augmentation and specialized prompting
have been proposed [17], [35], [36], they fail to fully resolve
these conflicts, particularly within complex, multi-step logical
deduction tasks [5].

This behavior mirrors the human “belief bias,” where the
believability of a conclusion distorts logical judgment [37],
leading to an “illusion of objectivity” [6], [24], [38]–[40].
Just as humans utilize metacognition to separate beliefs from
logical inferences [41], emerging research suggests LLMs can
benefit from similar capabilities, such as estimating uncertainty,
self-evaluation, or explicitly identifying knowledge conflicts
[9], [42]. Our work builds on this parallel, investigating how
metacognitive awareness can enhance the robustness of logical
reasoning in language models.

III. THE COUNTERLOGIC DATASET

Existing benchmarks in evaluating LLM reasoning [2],
[3] fail to systematically disentangle logical validity from
knowledge alignment. As highlighted in Table I, current datasets
either focus on complex logical structures while ignoring
knowledge conflicts like LogicBench [19] and FOLIO [20],
or test simple knowledge conflicts single-step reasoning like
KNOT [15] and Reasoning & Reciting [10]. To fill this critical
gap, we introduce CounterLogic, a benchmark built upon a
synthetic generation framework designed to enable a controlled
evaluation of how parametric knowledge interferes with multi-
step reasoning. The benchmark is easily extendable, contains
1,800 examples across 9 logical schemas, and features problems
that scale in complexity from 1 to 9 reasoning steps.

A. Dataset Construction

Generation Pipeline: We begin with hierarchical triples
(a ⊂ b ⊂ c) to populate templates forming atomic propositions



Fig. 2: (A) Dataset Preparation: The dataset features hierarchical entity triples (e.g., siameses ⊂ cats ⊂ felines) mapped to 8 logical sentence
templates across 9 logical schemas (such as Modus Ponens, Modus Tollens etc.). 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 such as Modus Ponens, Hypothetical Syllogism, etc. to systematically evaluate knowledge-logic
interactions. (B) FaR method: While the standard prompt simply presents LLMs with a counterfactual context followed by related questions,
our FaR approach first engages the model metacognitively by eliciting its responses to knowledge-alignment questions.

(p,¬p) with controlled factuality (50% correct hierarchy, 50%
inverted). These propositions are mapped into 9 formal logical
schemas (e.g., Modus Ponens, Disjunctive Syllogism) following
LogicBench [19]. See figure 2(A) for more details.

Balancing & Depth: The dataset is balanced across two
dimensions: (1) Logical Validity (Valid/Invalid) and (2) Knowl-
edge Alignment, ensuring an equal split between factually
consistent and contradictory conclusions. To prevent pattern
matching [10], [43], final queries are paraphrased via GPT-4o.
Finally, we scale reasoning complexity for implication schemas
(A → B) by injecting intermediate steps (A → X1 → · · · →
Xi → B), enabling fine-grained depth analysis.

IV. LLM REASONING IN COUNTERFACTUALS

A. Experimental Setup

Our investigation evaluates 11 LLMs spanning different archi-
tectures, parameter scales, and training paradigms. Evaluations
were conducted across our CounterLogic and five other diverse
reasoning datasets: Hierarchical Syllogisms, KNOT (Implicit
& Explicit), FOLIO, and LogicBench (see Table I). To ensure
robust performance measures, we employ self-consistency
checks accounting for the generation variability common in
LLMs [44]. Results presented in this section establish a baseline
using a standard CoT prompting strategy [3] without our FaR
intervention, as this allows us to isolate and quantify the
interference of parametric knowledge on logical deduction.
Models were explicitly instructed not to use their real world
knowledge and ignore real world contradictions.

B. Consistent Performance Gap

As shown in Figure 3, our evaluation revealed a pervasive
performance gap across all models and tasks. When reasoning

in counterfactual scenarios, where the logical context conflicts
with their parametric knowledge, model accuracy plummets by
an average of 14%. Models achieve a high accuracy of 72%
on average for knowledge-aligned problems, but this value
drops to just 58% for counterfactual problems. Notably, this
failure occurs even when models are explicitly instructed to
reason based solely on the provided premises and ignore factual
correctness. This highlights a challenge in managing cognitive
conflict rather than a simple failure to follow instructions.
Even the most capable models exhibit this gap; for instance,
Qwen-2-72B’s accuracy difference is 20% in the baseline setup.
This suggests the interference from parametric knowledge is a
fundamental challenge for current LLM reasoning.

C. Deconstructing the Failure

We leveraged the controlled design of the CounterLogic
benchmark to investigate whether this performance degradation
is merely a superficial artifact of problem complexity. While a
common hypothesis suggests that models falter simply because
counterfactual problems are inherently more complex [10], our
findings refute this, revealing the failure to be fundamental and
independent of structural depth. Specifically, the performance
gap between knowledge-aligned and counterfactual examples
remains consistent (∼ 6%) regardless of the number of
intermediate steps introduced into the reasoning chain (See
Section III-A). We therefore hypothesize that the failure is
not caused by models losing track of longer deductions, but
rather by the initial, unresolved conflict with their parametric
knowledge.

Another possibility is that the performance drop is isolated to
specific, difficult logical rules. Our results, shown in Figure 4,
suggest a more nuanced reality. While the failure is a universal
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Fig. 3: Average accuracy comparison for the Aligned and Conflicting Scenarios. This plot shows comparison between Knowledge-Aligned
and Knowledge-Conflicting scenarios where the ground truth is valid. Blue bars represent Knowledge-Aligned example accuracy, while orange
bars indicate Knowledge-Conflicting ones. We can see a clear performance gap between these scenarios across all the models and datasets
with the average accuracy difference of 14% across all models and datasets with Hierarchical Syllogisms (C) showing the maximum difference
of 27%. Each of the above graphs represents the performance on the following datasets - A: CounterLogic, B: FOLIO, C: Hierarchical
Syllogisms, D: KNOT-Explicit, E: KNOT-Implicit, F: Logic Bench.

phenomenon across all 9 logical schemas in CounterLogic, the
degree of degradation varies dramatically, revealing critical
vulnerabilities.

On simple, affirmative logical forms like Modus Ponens (MP)
and Hypothetical Syllogism (HS), models are not only accurate
but also more robust; the performance gap between knowledge-
aligned and conflicting scenarios is minimal. However, this
stability shatters when schemas introduce negation or greater
structural complexity. On these tasks, the performance gap
widens significantly, indicating that the model’s parametric
knowledge is interfering more strongly. For instance, the
gap soars to over 30% for Disjunctive Syllogism (DS) and
Destructive Dilemma (DD), both of which require reasoning
over negated propositions. This suggests that logical complexity
and negation don’t just make the task harder, they specifically
amplify the model’s inability to inhibit its ingrained knowledge.
This systemic weakness in handling negation is also reflected
in overall performance. Schemas involving negation have a
baseline accuracy of only 73%, 11% lower than the 84%
achieved on those without (Fig 4), aligning with findings that
negation remains a core challenge for LLMs [45].

Ultimately, our analysis shows the failure is not confined to
one type of logic. Instead, it is a foundational issue where the
interference from parametric knowledge is severely exacerbated
by structural complexity and the presence of negation.

V. FLAG & REASON (FAR): A METACOGNITIVE
INTERVENTION

Findings in Section IV reveal a critical vulnerability in LLM
reasoning: a systematic failure not of logic, but of cognitive
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(MT), Hypothetical Syllogism (HS), Disjunctive Syllogism (DS),
Constructive Dilemma (CD), Destructive Dilemma (DD), Bidirectional
Dilemma (BD), Commutation (CT), and Material Implication (MI)



management. In this section, we articulate our hypothesis
for this failure, introduce the FaR intervention designed to
mitigate it, and present the empirical results that validate its
effectiveness.

A. The Belief Inhibition Hypothesis

The consistent performance gap between knowledge-aligned
and counterfactual scenarios suggests that the primary issue
is not a flaw in the LLMs’ capacity for logical operations.
Instead, we hypothesize that they suffer from a failure of
belief inhibition: an inability to suppress ingrained parametric
knowledge when it contradicts the premises of a given task,
leading to an unresolved cognitive conflict [46] that ultimately
derails the deductive process.

This phenomenon closely mirrors a well-known cognitive
bias in humans known as “belief bias”, where arguments are
often judged on the believability of their conclusion rather
than the logical validity [37]. Humans, however, can overcome
this bias through metacognition, the ability to reflect on one’s
own thinking. This involves consciously recognizing a conflict
between a belief and a premise and choosing to set that belief
aside to follow the rules of logic [18], [47], [48].

B. The Flag & Reason (FaR) Intervention

Inspired by the human capability to recognize and set
aside knowledge conflicts, we propose a simple yet powerful
metacognitive intervention: Flag & Reason (FaR). Instead of
asking the model to solve a logical problem at once, FaR
introduces a preliminary metacognitive step. The process,
illustrated in Figure 2(B), consists of two phases: Flag: The
model is prompted to first explicitly flag whether a key
premise or conclusion aligns with its parametric knowledge (i.e.,
whether it is factually believable). Reason: After this initial
assessment, the model proceeds with the standard reasoning
process, now primed by the “Flag” step to treat the premises
as a self-contained logical context. This adds minimal input
overhead and just one additional output token.

The separation of these two steps is critical. When we
collapsed this process into a single prompt (asking the model to
flag the conflict and reason in the same turn), the performance
benefits disappeared entirely, yielding no improvement over
the baseline. This finding supports our central hypothesis: FaR
works by inducing a form of epistemic compartmentalization
[49]. The initial “Flag” step forces the model to consciously
acknowledge a boundary between its internal “knowledge” and
the hypothetical “rules” of the task. This deliberate, separate,
metacognitive act is what enables the model to suppress its
belief bias and faithfully apply logic in the “Reason” step.

C. Results

Our experiments confirm that the FaR intervention is
highly effective. As detailed in Figure 5, FaR narrows the
average performance gap between knowledge-aligned and
counterfactual scenarios from 14% to just 7%, while also
increasing overall accuracy by an average of 4% across all
models and tasks (Fig V).
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Fig. 5: Accuracy comparison between the baseline setup and our
FaR setup averaged across all the datasets. The x-axis represents
accuracy and the y-axis represents the models. Pink bars represent the
FaR method and the blue bars represent the baseline. We can see that
our method FaR improves performance across all the models with
the most noticeable improvement on GPT-4o (G4O) of about 7%.

The most dramatic gains are observed on datasets like
Hierarchical Syllogisms and KNOT. In contrast, tasks involving
deeper chains of reasoning, such as FOLIO, showed less im-
provement, emphasizing the need for better conflict resolution
strategies for complex narrative tasks [20]. On our Counter-
Logic benchmark specifically, FaR increased overall accuracy
by 5%. Furthermore, this improvement is pervasive across all
logical schemas in CounterLogic. As shown in Figure 4(A), FaR
provides a consistent boost, proving particularly effective for
more complex schemas (e.g., Destructive Dilemma) that exhibit
lower baseline performance. While schemas involving negation
remain challenging for LLMs in general, FaR improves average
accuracy on these tasks from 73% to 79%.

D. Thought Anchor Analysis

Fig. 6: Comparison of average importance across different categories
for normal reasoning vs. reasoning with FaR. y axis shows the
importance scores for the corresponding categories on the x axis.
A shows the scores with FaR whereas B shows the scores without
FaR. We can see that FaR successfully shifts the importance from
Fact Retrieval and Uncertainty management to Active Computation.



To understand the mechanism behind these improvements,
we analyzed the models’ CoT generations using thought
anchors - critical reasoning steps that disproportionately
influence the final outcome [50]. Our analysis focuses on the
more human interpretable functional dynamics of the reasoning
process, as opposed to typical mechanistic interpretabilty
methods focusing on neuron/circuit level attributions. Without
the FaR intervention, our analysis reveals that the reasoning
process is heavily anchored in Fact Retrieval and Uncertainty
Management. This observation provides strong evidence for our
belief inhibition hypothesis: models appear to be sidetracked by
retrieving conflicting parametric knowledge and then struggle
to manage the resulting cognitive dissonance. With the FaR
intervention, we observe a decisive repositioning of these
thought anchors. The reasoning process becomes dominated
by Plan Generation and Active Computation. Crucially, the
model’s reliance on retrieving external facts and expressing
uncertainty is significantly diminished. This observed shift
suggests a more stable and direct path for logical deduction.
By prompting the model to first acknowledge the counterfactual
nature of the premises, FaR appears to effectively compart-
mentalize the conflict, allowing the model to proceed with the
logical task with less interference from its ingrained knowledge.
This fundamental change in the reasoning process offers a
compelling explanation for the observed gains in accuracy.

VI. CONCLUSION AND FUTURE WORK

Our research confirms that LLMs experience a critical
reasoning failure when logical validity conflicts with parametric
knowledge, resulting in a consistent 14% accuracy drop in
counterfactual scenarios. We attribute this to a failure of belief
inhibition, a cognitive bias where models struggle to suppress
ingrained training data. The introduced Flag & Reason (FaR)
intervention successfully halves this performance gap to 7%
and increases overall accuracy by 4%. By prompting models
to explicitly acknowledge conflicts, FaR enables epistemic
compartmentalization, anchoring deductions in the provided
context rather than contradictory internal knowledge. Future
work can explore internal representations of these conflicts and
extend metacognitive strategies to real-world domains.

VII. LIMITATIONS

This study’s scope is primarily restricted to foundational
categorical syllogisms and propositional logic within the Coun-
terLogic benchmark. Furthermore, results are specific to the
11 models tested and may change as architectures evolve. The
evaluation was also limited to English and common-knowledge
concepts, meaning effectiveness could vary across different
languages or specialized domains. Additionally, parallels to
human cognition remain conceptual and do not imply identical
processing. Finally, the use of LLMs for synthetic query
generation may have introduced subtle biases or inconsistencies.
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