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Abstract

Current research on hallucination focuses
mainly on factuality and faithfulness errors in fi-
nal outputs. However, rapid advances in Chain-
of-Thought (CoT) and Large Reasoning Mod-
els (LRMs) have improved problem-solving
performance while exposing a key weakness:
Reasoning Hallucination, characterized by
invalid logical transitions or fabricated steps
within the reasoning process that can decep-
tively occur even when the final answer is cor-
rect. This paper reviews this emerging chal-
lenge, shifting hallucination analysis from out-
put correctness to reasoning processes. We first
note a core difficulty that causes reasoning hal-
lucination: long, fluent chains often conceal
internal errors, complicating reliability assess-
ment. We then formalize reasoning halluci-
nation and propose a taxonomy of four types:
Premise, Operation, Logic, and Conclusion
Hallucination. We also examine failure sources
and survey mitigation strategies for training and
inference. Overall, this work charts a path from
answer-level evaluation to transparent, process-
reliable reasoning systems.

1 Introduction

The rapid development of large language models
(LLMs) has elevated artificial intelligence capa-
bilities (Achiam et al., 2023; Yang et al., 2025a;
Qin et al., 2024). Yet, this progress consistently
faces a key challenge: hallucination (Ji et al., 2023;
Huang et al., 2025; Alansari and Lugman, 2025).
As shown in Figure 1 (a), early studies addressed
two main categories (Cossio, 2025; Zhang et al.,
2025c): (1) factuality hallucination, where outputs
conflict with verifiable real-world knowledge (Lage
and Ostermann, 2025); and (2) faithfulness hallu-
cination, where outputs contradict the provided
context (Huang et al., 2025; Park et al., 2025).
More recently, augmented by Chain-of-Thought
(CoT) (Wei et al., 2022) strategies, Large Rea-
soning Models (LRMs) (Guo et al., 2025b; Jaech
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Figure 1: Comparison between traditional and reasoning
hallucination. (a) Traditional hallucination targets result-
level errors, while (b) reasoning hallucination focuses
on process-level failures, where models may produce
correct answers via flawed reasoning.

et al., 2024; Chen et al., 2025c) have emerged.
These models aim to enhance complex problem-
solving through explicit, long-term intermediate
steps (Lewis-Lim et al., 2025b). This paradigm
shift has fundamentally altered the nature of hal-
lucinations, revealing a critical vulnerability: the
reasoning process itself as a subtle new source of er-
ror. For instance, as shown in Figure 1 (b), a model
may yield a correct final answer despite flawed
reasoning (Arcuschin et al., 2025) riddled with log-
ical fallacies, fabrications, or disconnected steps.
Conversely, it might produce a seemingly coher-
ent chain leading to an incorrect conclusion (Joshi
et al., 2024; Yao et al., 2025; Lewis-Lim et al.,
2025a). To address this process-centric hallucina-
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Figure 2: Overview of reasoning hallucination and the organization of this survey. We present a formal definition
and a taxonomy of four hallucination types (Premise, Operation, Logic, and Conclusion), analyze their underlying
mechanisms, review evaluation methodologies, and summarize mitigation strategies across training-time and

inference-time interventions.

tion (Zheng et al., 2025), we introduce Reasoning
Hallucination. This shift underscores profound
paradoxes in advanced reasoning. Ironically, while
CoT reduces factual hallucinations in some cases,
it obscures detection cues. Long, complex rea-
soning chains boost reported confidence and per-
suasiveness, complicating detection by automated
tools and humans (Cheng et al., 2025a; Zhao et al.,
2024a). We term this tension between capability
and evaluability the Reasoning Evaluability Para-
dox: tools like CoT that strengthen reasoning si-
multaneously undermine reliability assessment.

Therefore, addressing reasoning hallucination
is essential for developing trustworthy Al systems.
Yet, no comprehensive taxonomy currently exists to
systematically analyze this emerging challenge. To
fill this gap, we present a structured survey of rea-
soning hallucination. As outlined in Figure 2, we
first propose a formal definition and a taxonomy
comprising four distinct types: Premise Halluci-
nation, Operation Hallucination, Logic Hallucina-
tion, and Conclusion Hallucination. We then exam-
ine the underlying mechanisms that contribute to
reasoning hallucinations, spanning model architec-
tures, training data, and inference dynamics. Subse-
quently, we review existing evaluation methodolo-
gies, assessing their effectiveness and limitations,
and survey mitigation strategies encompassing both
training-phase and inference-time interventions. Fi-

nally, we outline open challenges and future direc-
tions aimed at enhancing the reliability and inter-
pretability of large reasoning models.
Overall, the main contributions are as follows:
¢ First definition of reasoning hallucination:
We first formalize Reasoning Hallucination,
shifting the focus from final answer correctness
to the reasoning process itself.

* Comprehensive review of reasoning hallu-
cination: We propose a taxonomy targeting
process-level flaws in complex reasoning, be-
yond incorrect final outputs. We review causes,
detection methods, and mitigation strategies,
showing how CoT shifts hallucination from
wrong answers to flawed reasoning.

* Critical analysis and future roadmap: We an-
alyze key challenges, including the Reasoning
Evaluability Paradox defined here. We propose
directions for robust, reliable, trustworthy large
reasoning models.

2 Preliminary & Definition

In this section, we first articulate the conceptual
shift in hallucination, followed by a formal defini-
tion and classifications to analyze their origins.

2.1 A Paradigm Shift: From Result to Process

The emergence of reasoning hallucination marks a
paradigm shift in LLM hallucination studies: focus
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Figure 3: A comprehensive overview of reasoning hallucination. This figure illustrates the organization of this
survey, covering the taxonomy of hallucination types, underlying mechanisms, evaluation methodologies, and

mitigation strategies across training and inference stages.

has shifted from what the model knows to how
the model thinks. Specifically, traditional hallu-
cination research is result-centric. Evaluations
compare the model’s final answer A to verifiable
knowledge or source text (Huang et al., 2025), treat-
ing defects as representational errors between out-
put and reality. In contrast, reasoning hallucination
is process-centric: a model may yield correct A
via a flawed process R, or coherent R leading to
incorrect A (Joshi et al., 2024; Yao et al., 2025;
Cuesta-Ramirez et al., 2025), where scrutiny tar-
gets transfer to the reasoning’s logic and validity.
This shift yields the Reasoning Evaluability
Paradox. Unlike factual errors, which are debunk-
able by search, reasoning flaws hide in lengthy,
coherent chain-of-thought outputs. The model’s
persuasive rationales often exceed efficient verifica-
tion, so explicit reasoning, meant for transparency,
ironically hinders detection (Cheng et al., 2025a).

2.2 Definition: Reasoning as Graph Traversal

Let @) be the input query. We define the reasoning
process as dynamic path generation through a state
graph G = (R, T ), where R is the set of reasoning
states. Each state r; captures the information at
step 4, with initial state ry derived from @). The

set 7 comprises valid transition operators (e.g.,
logical deduction, arithmetic computation, code
execution), such that r; 11 < Op(r;) for Op € T.

A valid reasoning process forms a continuous
path from rg to a final state rp, projecting to an-
swer A. Given this, Reasoning Hallucination (HR)
arises from topological violations in this traversal:

HR(R,Q,A) = Hsrc\/Hop\/Hlogic\/Hcon7 (1)

where each H, denotes a reasoning hallucination
category defined in Section 2.3.

2.3 Taxonomy of Hallucinations

By mapping failures to specific graph components,
we identify the following four distinct categories
of reasoning hallucinations.

Premise Hallucination (Source Error Hg,.).
Premise hallucination arises at the source node
ro (Heyman and Zylberberg, 2025). The model
starts reasoning with conditions absent from () or
injects an external node r.,; that violates contex-
tual constraints, such that vy ¢ Context(Q).
Unlike traditional factual hallucination, premise
hallucination is not assessed against external world
knowledge. Instead, it hinges on whether the intro-
duced assumption aligns with the input context and
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Figure 4: Examples of each type of reasoning hallucination.

respects task-specific constraints. An assumption
may seem plausible or even true, yet qualify as
premise hallucination if unsupported by or imper-
missible under the given input.

Distinct from fabricating external facts, premise
hallucination emerges within the task context: the
model imports unstated or invalid implicit assump-
tions, undermining the entire reasoning chain from
the outset (Yuan et al., 2024; Hu et al., 2023; Xu
and Ma, 2024; Hao et al., 2025; Fan et al., 2025),
as an example shown in Figure 4 (a). Validating
latent assumptions demands strong contextual con-
straint recognition and entailment judgment. Once
triggered, it yields superficially coherent but se-
mantically flawed outputs.

Operation Hallucination (Execution Error H,,).
Operation Hallucination occurs during execution
of a valid operator (Yang et al., 2025b; Li et al.,
2024c). As shown in Figure 4 (b), the model se-
lects a correct logical edge Op (e.g., “calculate
sum”), but the generated next state r;11 differs
from the ground-truth execution Op(r;), formally
Ti+1 7 OPcorrect(r;). LLMs generate outputs via
probabilistic statistics rather than explicit rules,
leading to error accumulation across reasoning
steps (Cui et al., 2025). These deviations often
appear logically sound due to linguistic coherence.

Logic Hallucination (Invalid Edge H;.g;c)
Logic Hallucination creates a non-existent edge: no
valid operator Op € T justifies the transition from
r; to 7;41. The path is topologically broken, often
as non-sequiturs or circular logic. This hallucina-
tion arises from inconsistencies across reasoning
stages, yielding semantically coherent but logically

contradictory processes (Joshi et al., 2024; Wang
et al.; Sun et al., 2025), sometimes with repeated
defective patterns (Yao et al., 2025), as shown in
Figure 4 (c). It reflects large language models’
reliance on local linguistic coherence over true
logical consistency, especially in chain-of-thought
tasks. Even with correct final results, intermediate
inconsistencies qualify as such, indicating spurious
reasoning (Jiang et al., 2025).

Conclusion Hallucination (Sink Detachment
H.,,). Conclusion Hallucination occurs at sink
projection: even with a valid path rg — --- — ry,
the final answer A is not entailed by rn (A 4 rn).
The conclusion “detaches” from the reasoning, as
shown in Figure 4 (d). LLMs thus abandons its
logical framework for a plausible but disconnected
conclusion (Zhao et al., 2024b; Xie et al., 2024,
Hammoud et al., 2025). This reveals a core weak-
ness in decision-making: inconsistency between
reasoning and conclusion, where models reason
soundly yet err in conclusion.

2.4 Origins & Mechanisms

Understanding reasoning hallucination taxonomy
requires examining its underlying mechanisms.
These arise from interactions between training
paradigms and autoregressive generation.

Training Drivers: Overconfidence and
Miscalibration. Training induces miscalibra-
tion and overconfidence. Noisy pre-training
data (McKenna et al., 2023; Zhang et al., 2025d),
amplified by fine-tuning, distorts probability distri-
butions (Gekhman et al., 2024). RLHF (Ouyang
et al., 2022) prioritizes “helpfulness” and



Table 1: A taxonomy of evaluation methodologies for reasoning hallucinations. We categorize typical detection
techniques, key evaluation metrics, recommended application scenarios, and specific challenges associated with

each of the four proposed hallucination types.

Type Typical Detection Methods

Key Metrics

Rec. Scenarios Typical Challenges

Premise External Knowledge Retrieval (Vladika et al., 2025)

Input-Premise NLI Checks (Xu and Ma, 2024)

Step Validity (V),
Premise Recall

Open-domain QA,  Hard to distinguish between
Multi-hop Reasoning plausible-but-false assumptions.

Operational Symbolic Verification (Guo et al., 2025a) Step Validity (V'), Mental Arithmetic,  High confidence in
Internal Confidence Probing (Chen et al., 2024a) Soundness Score Symbolic Logic flawed reasoning.
Logic Self-Consistency (Zhang et al., 2023a) Path Diversity, Programming, Systemic bias may lead multiple
Entailment Stability (You et al., 2025) Entailment Score ~ Causal Inference reasoning paths to the same fallacy.
Conclusion  Process-Answer Consistency (Wang et al., 2025) Consistency (C), Summarization, Decoupling between correct

Dual-process Verification (Cheng et al., 2025b)

Final Accuracy

Theorem Proving reasoning and biased final output.

coherence (Kalai et al., 2025), exacerbating
hallucinations by favoring plausible but erroneous
reasoning over uncertainty or refusal. Chen et al.
(2024b) identify LLMs’ reasoning boundaries,
beyond which hallucinations arise unexpectedly.

Type-Specific Etiologies. Reasoning hallucina-
tions arise from distinct deficits across categories:
(1) Premise Hallucination results from weak con-
text understanding and instruction following (Hey-
man and Zylberberg, 2025; Yuan et al., 2024), as
LLMs ignore constraints or insert training-data
biases (Zhang et al., 2025d). (2) Operation Hal-
lucination reflects a symbolic reasoning gap (Xu
et al., 2024; Guo et al., 2025a), where probabilis-
tic processing causes arithmetic or state-tracking
errors (Yang et al., 2025b). (3) Logic and Conclu-
sion Hallucination stem from sycophancy (Wang
et al.) and autoregressive local optimality (Xie
et al., 2024; Yao et al., 2025), yielding locally co-
herent but globally contradictory outputs or pattern-
fitting conclusions.

1

Paradigm Shift: We redefine reasoning hal-
lucination in a process-centric view, focus-
ing on how the model thinks rather than just
what it knows.

Formalization: We propose a reasoning
state space framework that unifies definition
and taxonomy. Reasoning Hallucinations
manifest in four distinct types (Premise, Op-
eration, Logic, and Conclusion).

3 Evaluation of Reasoning Hallucination

Addressing the Reasoning Evaluability Paradox
demands evaluation tools that probe reasoning pro-
cesses, requiring insight into the mechanisms un-
derlying process-based flaws.

3.1 Automated Detection Techniques

Automated detection identifies flaws dynami-
cally. This includes training classifiers that detect
reasoning-induced hallucinations with high accu-
racy (Jiang et al., 2024b). Another approach probes
internal confidence signals (Chen et al., 2024a),
though overconfidence, high model confidence in
flawed reasoning, undermines it (Yao et al., 2025;
Guan et al., 2025). Disagreement-based methods
leverage ensembles or multiple sampled paths to
flag inconsistencies (Dey et al., 2025; Zhang et al.,
2023a). However, these methods often target only
specific error dimensions, failing to simultaneously
address diverse reasoning deficits within complex
CoT. This intricate mapping between detection
mechanisms and hallucination types makes estab-
lishing a unified evaluation benchmark exception-
ally difficult. Therefore, evaluating these methods
reliably remains challenging. We detail their tax-
onomy and challenges in Table 1.

3.2 Evaluation Benchmarks

Hallucination benchmarks address two key ques-
tions: the types of hallucinations they cover and
whether this coverage is systematic and comprehen-
sive (Zhang et al., 2025c¢). For reasoning-related
hallucinations, these benchmarks typically include
diverse tasks (e.g., mathematical reasoning, multi-
hop question answering, code reasoning), distin-
guish hallucination types in annotations, and fea-
ture both natural and synthetic examples (Guo et al.,
2025a; Li et al., 2023). Current categories encom-
pass factual hallucinations (Li et al., 2024b), in-
tentional hallucinations (Hao et al., 2025), conven-
tional forms (Bang et al., 2025), and reasoning hal-
lucinations (Wang et al., 2025). Specialized bench-
marks also assess hallucination detection (He et al.,
2025), self-correction (Tie et al., 2025), long-chain
reflection (Chen et al., 2025a), and defense against



misleading negation prompts (Liao et al., 2025).
Nonetheless, current evaluation dimensions remain
limited, offering scope for future extensions.

Evaluating Reasoning Hallucination is dif-
ficult due to expensive annotations and
model overconfidence. Existing meth-
ods (e.g.,classifiers, probing, consistency
checks) trade off coverage for scalability.

\. J

4 Mitigation Strategies

Strategies to mitigate process-centric flaws can be
broadly divided into two paradigms: training-time
interventions that improve intrinsic reasoning, and
inference-time interventions that steer generation
without altering the pre-trained weights.

4.1 Training-time Interventions

Training-time interventions optimize the weights
of LLMs to enhance robust reasoning. These strate-
gies divide into two alignment objectives: (a) logi-
cal faithfulness alignment, which promotes internal
logical consistency, and (b) knowledge factuality
alignment, which anchors outputs to external facts.

Faithfulness Alignment. This approach ensures
that model generations reflect internal knowledge
and reasoning. Models learn to express uncertainty
instead of fabricating information, via fine-tuning
on refusal-aware datasets that promote explicit ad-
missions of ignorance (e.g., “I don’t know”) (Zhang
et al., 2024b; Deng et al., 2024). Recent work
trains models to use internal confidence signals for
knowledge limits (Zeng et al., 2025; Chen et al.,
2025b), or applies self-consistency scores to create
annotation-efficient preference data for honesty (Ni
et al., 2025; Du et al., 2025). Other efforts enforce
process consistency, making final answers logical
outcomes of reasoning chains, through specialized
loss functions that reward output cohesion (Hu
et al., 2024) or reinforcement learning with pro-
cess rewards for coherent steps (Sun et al., 2025).

Factuality Alignment. Unlike internal consis-
tency, this method counters factual hallucinations
by aligning outputs with verifiable facts from
trusted sources. Key approaches include rein-
forcement learning with factual rewards; frame-
works like KnowRL (Ren et al., 2025) reward
correct reasoning steps and penalize errors to fos-
ter fact-grounded strategies (Chen et al., 2025d).
Preference learning offers a scalable alternative:

pairs are generated by comparing outputs to
knowledge bases, then used with algorithms like
DPO (Rafailov et al., 2023) to instill factuality
preferences without costly step-by-step supervi-
sion (Tian et al., 2024).

4.2 Inference-time Interventions

Inference-time interventions act as external scaf-
folds that structure generation to enhance reliability
without altering model parameters. These methods
guide, verify, or redirect reasoning. We categorize
them by intervention type: Constrained Decoding,
Self-Critique, and External Verification.

Constrained Decoding. These strategies shape
the model’s solution-space exploration, extending
beyond autoregressive generation to identify reli-
able reasoning paths and prevent errors upfront.
For example, Monte Carlo Tree Search (MCTS)
simulates "slow thinking" (Zhang et al., 2024a).
HaluSearch employs self-evaluation rewards to
steer toward dependable paths, avoiding hallucina-
tions (Cheng et al., 2025b). Initial reasoning steps
disproportionately affect outcomes, enabling effi-
cient pruning via reward models (Liao et al., 2025).
To counter overthinking, probes assess hidden-state
confidence, terminating early upon correct solu-
tions (Zhang et al., 2025a).

Self-Critique. This approach enables models to
iteratively check, question, and refine their out-
puts via internal verification loops. The founda-
tional method in this area is Chain-of-Verification
(CoVe) (Dhuliawala et al., 2024), drafts a response,
plans verification questions, and revises for accu-
racy. More detailed, self-critique can also arise
from cognitive prompting, such as counterfactual
thinking ("what if...?"), which challenges initial
assumptions and yields more robust, less hallucina-
tory outputs (Kim et al., 2024). Formally, con-
sistency across intermediate reasoning steps re-
duces logical fallacies, especially in mathemati-
cal tasks (Liu and Fang, 2025). For Long CoT,
ARES (You et al., 2025) offers a probabilistic
framework that assesses each step using only prior
verified premises, preventing error propagation.

External Verification. Rather than relying on a
model’s internal checks, this approach tests outputs
against external sources of truth, anchoring reason-
ing in evidence. The simplest implementation uses
external tools (e.g., search engines) to fact-check
claims in generated text, which has been shown
to reduce hallucinations in domains such as news



Table 2: Strategic comparison of mitigation paradigms based on the type of hallucination they target, their inference
cost, inherent trade-offs, and recommended usage scenarios.

Paradigm Mechanism Target Hallucination

Inference Cost Key Trade-off Rec. Scenario
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summarization (Vladika et al., 2025). A more ad-
vanced strategy uses a second, independent LLM
as a verifier. Cross-model agreement can provide
a stronger signal than self-consistency alone. To
limit cost, hybrid designs invoke the external veri-
fier only when the primary model’s self-consistency
indicates high uncertainty (Xue et al., 2025).

To provide a holistic view of the operational im-
plications of these strategies, as shown in Table 2,
we systematically compare them. The compari-
son highlights a key trade-off between computa-
tional cost and performance gains. Training-time
interventions impose no inference overhead and
suit real-time deployment, whereas inference-time
mechanisms increase latency to improve reliability,
making them better suited to high-stakes, offline
tasks where precision is critical.

Mitigation strategies target two phases:
Training: e.g. Faithfulness alignment and
factuality alignment.

Inference: e.g.,Constrained decoding, self-
critique, and external verification.

5 Frontiers & Future Direction

This section outlines future directions: automated
step-level evaluation, honest abstention, and task-
aware control beyond “zero hallucination.” We also
address multimodal hallucinations and budgeted
optimization to balance reasoning and verification.

5.1 Automated Step Evaluation

Long-CoT reasoning exacerbates evaluation chal-
lenges for reasoning hallucinations: step-level hu-
man annotation is costly, subjective, and hard
to scale across patterns. We thus require auto-

mated mechanisms to evaluate individual steps.
For instance, reasoning decomposes into structured
forms like proposition-dependency graphs (Abdal-
jalil et al., 2025); formal or reward-based verifiers
can then detect contradictions and assess stepwise
plausibility (Xu et al., 2024; Lightman et al., 2023;
Zhang et al., 2025e).

Overall, the key challenges are: (1) developing
accurate step-level metrics that align with human
judgments across domains and styles; and (2) cre-
ating scalable verifiers robust to distribution shifts,
adversarially plausible steps, and long chains, en-
suring verification matches generation quality.

5.2 Model’s Honest Abstention Capability

In verifiability-critical applications, training and
evaluation must incentivize boundary honesty.
When evidence is insufficient or premises under-
specified, admitting uncertainty offers little reward
and risks penalties (Peng et al., 2025; Zeng et al.,
2025), while correct guesses reinforce risky over-
confidence (Kalai et al., 2025). This misalignment
drives models to conceal uncertainty behind fluent
prose, heightening overconfident hallucinations.

Hence, the major challenges are: (1) defining
measurable, domain-specific abstention criteria
(e.g., “insufficient evidence” versus “answerable
but hard”) for evaluation; and (2) calibrating absten-
tion to prevent over-abstention (unhelpful refusals)
and under-abstention (risky guesses), despite pres-
sures penalizing uncertainty.

5.3 Broaden the ‘“Zero Hallucination’ Goal

Given unavoidable residual hallucinations in open-
domain settings under current paradigms, research
should transcend the “zero hallucination” aim. Con-
vergent tasks (e.g., mathematics, programming,
logic) demand strict honesty and abstention, as
hallucinations constitute failure. Divergent tasks



(e.g., brainstorming, creative writing), however, re-
frame “hallucinations” as controllable deviations
for novel hypotheses (Sui et al., 2024).

All in all, the primary challenges are: (1) devel-
oping context-aware systems that enforce truthful-
ness in verifiable tasks but permit bounded devia-
tions in exploratory ones; and (2) separating veri-
fiable claims from proposals to balance reliability
and utility across regimes.

5.4 Multimodal Reasoning Hallucinations

Advanced multimodal LLMs achieve strong reason-
ing but often hallucinate, particularly in modality-
interaction-intensive tasks (Bai et al., 2024; Chen
et al., 2024c). One approach develops evaluation
to disentangle perception- from reasoning-induced
hallucinations (Dong et al., 2025; Liu et al., 2025;
Cai et al., 2025). A second constructs hallucinated
negative samples during training to enhance cross-
modal alignment and reasoning robustness (Jiang
et al., 2024a). Other methods ground step-by-step
reasoning in verifiable visual evidence to mitigate
hallucinations from linguistic priors (Li et al., 2025;
An et al., 2025; Cheng et al., 2025d).

Overall, the key challenges are: (1) disentan-
gling perception-induced from reasoning-induced
hallucinations in evaluation and attribution; and
(2) dynamically balancing reasoning depth and vi-
sual perception to mitigate hallucinations from pro-
longed reasoning chains that divert attention from
visual inputs (Zhang et al., 2023b; Cheng et al.,
2025c¢). Notably, hallucination detection for tempo-
ral understanding in dynamic modalities like video
remains particularly challenging (Fei et al., 2024;
Zhang et al., 2025b).

5.5 Detection and Reasoning Balancing

Existing work mitigates reasoning hallucina-
tions via self-checking or retrieve—verify-revise
pipelines that enhance attribution and factual-
ity. Yet these approaches increase inference costs
through repeated sampling, retrieval, or second-
stage verifiers (Vladika et al., 2025; Xue et al.,
2025; Cheng et al., 2025b; Zhang et al., 2024a).
Future research should formulate hallucination con-
trol as a budgeted balancing problem: allocating
computation between reasoning depth and verifi-
cation strength to minimize hallucinations under
fixed inference budgets.

Key challenges include: (1) adaptive allocation
to control the trade-off between reasoning and hal-
lucination detection based on uncertainty and task

risk (Moskvoretskii et al., 2025; Wan et al., 2025);
(2) joint reasoning—detection with shared computa-
tion by detecting and reusing intermediate reason-
ing processes, rather than re-running them (Chen
et al., 2024d; Zellinger et al., 2025), to achieve
stable gains with minimal end-to-end overhead.

6 Related Work

Existing surveys on hallucination primarily assess
factuality and faithfulness errors by comparing
model outputs to external knowledge or provided
context (Ji et al., 2023; Huang et al., 2025). Recent
work extends this to detection and mitigation frame-
works (e.g., retrieval-augmented generation), yet
still defines hallucination mainly as final response
failures (Zhang et al., 2025¢; Alansari and Lugman,
2025). This output-focused view persists even in
fine-grained taxonomies and multimodal formula-
tions (Cossio, 2025; Bai et al., 2024). In parallel,
recent work on CoT and LRMs mainly character-
ize these methods to boost task performance (Chen
et al., 2025c; Qin et al., 2024). Although some note
occasional logical or arithmetic errors in intermedi-
ate steps, they seldom unify these into an account
of errors within the CoT process.

Our work first shifts the hallucination analysis
from results to reasoning trajectories. We provide a
strict formalization of Reasoning Hallucination as
a failure of the reasoning process, and discuss the
associated “Reasoning Evaluability Paradox” (Sun
et al., 2025). By organizing prior findings around
the validity of intermediate steps, our survey offers
a systematic roadmap for evaluating and diagnos-
ing reasoning trajectories, complementing tradi-
tional metrics that primarily assess end outputs.

7 Conclusion

This survey reframes hallucination research from
a result-centric to a process-centric perspective on
reasoning hallucination, underscoring challenges
in long CoT and large reasoning models: extended,
coherent rationales persuasively mask subtle flaws,
complicating evaluation. We formalize reasoning
hallucination and propose a taxonomy distinguish-
ing premise, operation, logic, and conclusion types.
We synthesize causes, review detection and eval-
uation methods, and outline mitigation strategies
across training- and inference-time interventions.
We envision this survey as a foundational roadmap
for next-generation LRMs that excel in complex
reasoning while ensuring transparency, verifiability,
and trustworthiness.



Limitations

While this survey provides a comprehensive
overview of reasoning hallucination, the analysis
is constrained by three interconnected factors. The
primary limitation lies in the assumption that ex-
plicit Chain-of-Thought (CoT) faithfully mirrors
the model’s decision-making; however, emerging
research on implicit CoT suggests that models can
perform reasoning internally without vocalization,
implying that the visible reasoning chain may some-
times be a post-hoc rationalization rather than the
sole source of error. This challenge of internal
opacity is further exacerbated by the dominance
of proprietary, closed-source models in the current
landscape, which restricts access to training data
and reward mechanics, forcing the field to rely
on behavioral inference rather than mechanistic
inspection. Beyond these architectural and accessi-
bility barriers, the scope of this work is currently
confined to textual and symbolic domains, leaving
the distinct challenges of multimodal reasoning hal-
lucinations, such as perceptual grounding failures,
for future investigation.
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