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Abstract

Large language models (LLMs) have achieved re-
markable successes on various tasks. However, re-
cent studies have found that there are still signif-
icant challenges to the logical reasoning abilities
of LLMs, which can be categorized into the fol-
lowing two aspects: (1) Logical question answer-
ing: LLMs often fail to generate the correct an-
swer within a complex logical problem which re-
quires sophisticated deductive, inductive or abduc-
tive reasoning given a collection of premises and
constrains. (2) Logical consistency: LLMs are
prone to producing responses contradicting them-
selves across different questions. For example, a
state-of-the-art question-answering LLM Macaw,
answers Yes to both questions Is a magpie a bird?
and Does a bird have wings? but answers No to
Does a magpie have wings?. To facilitate this re-
search direction, we comprehensively investigate
the most cutting-edge methods and propose a de-
tailed taxonomy. Specifically, to accurately answer
complex logic questions, previous methods can be
categorized based on reliance on external solvers,
prompts, and fine-tuning. To avoid logical contra-
dictions, we discuss concepts and solutions of var-
ious logical consistencies, including implication,
negation, transitivity, factuality consistencies, and
their composites. In addition, we review commonly
used benchmark datasets and evaluation metrics,
and discuss promising research directions, such as
extending to modal logic to account for uncertainty
and developing efficient algorithms that simultane-
ously satisfy multiple logical consistencies.

1 Introduction

Large language models (LLMs) have demonstrated remark-
able performance in a broad range of natural language tasks
including language generation, classification and translation.

*Haoxuan Li and Zhouchen Lin are the corresponding authors.

However, recent studies have found that there are still signifi-
cant challenges to the logical reasoning abilities of LLMs. On
the one hand, learning syntax, semantics, and world knowl-
edge through tasks such as next-word prediction or masked
language modeling does not ensure the logical reasoning abil-
ity of LLMs [Luo et al., 2023]. On the other hand, the
pre-training corpus of LLMs primarily consists of human-
written texts, which lack high-quality logical reasoning sam-
ples such as logical deduction and proofs [Morishita er al.,
2024]. These challenges significantly limit the applicability
of LLMs due to the following two summarized aspects.

LLMs often fail to generate the correct answer in logi-
cal question answering, which requires sophisticated deduc-
tive, inductive or abductive reasoning given a collection of
premises and constraints. Specifically, these logical ques-
tions can be broadly divided into two categories: (1) Deter-
mine whether a statement can be deduced from the given in-
formation, namely, output the truth value of the statement:
true, false or unknown. For example, the premise and con-
straints could be Metals conduct electricity. Insulators do
not conduct electricity. If something is made of iron, then
it is metal. Nails are made of iron., followed by the logical
question Is the following statement true, false, or unknown?
Nails cannot conduct electricity. To answer this question cor-
rectly, LLMs need to conduct logical reasoning nails—made
of iron—metal—conduct electricity before concluding that
the statement is actually false. (2) Find the correct option
that can satisfy all the given premises and constraints from
the multiple choices. Surprisingly, LLaMA-13B achieves
33.63% accuracy under 8-shot prompting on the logical ques-
tions dataset FOLIO, which is only slightly better than a ran-
dom guess from true, false and unknown with an accuracy of
33.33% [Han et al., 2024]. This significantly restricts the ap-
plication of LLMs in complicated real-world situations, such
as problem-solving and decision-making.

LLMs are also prone to producing responses contradict-
ing themselves across different questions, which is regarded
as a violation of logical consistency. Note that the form of
logical consistency can be diverse. For example, LLaMA-
2-70B answers true to both questions Is an albatross an or-
ganism? and Is an albatross not an organism? [Calanzone et
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Figure 1: Our taxonomy tree of Logical Reasoning, which is primarily divided into Logical Question Answering and Logical Consistency.

al., 2025], which violates the negation consistency (see Sec-
tion 3 for formal definition). In addition, a state-of-the-art
Macaw question-answering LLM answers Yes to both ques-
tions Is a magpie a bird? and Does a bird have wings?
but answers No to Does a magpie have wings? [Mitchell et
al., 2022], which violates the transitivity consistency. Un-
fortunately, many studies have shown that training on large
question-answering datasets alone cannot ensure the logical
consistency of LLMs [Kassner et al., 2021; Jung et al., 2022].
As a result, these contradictory outputs concern the reliabil-
ity and trustworthiness of LLLMs, which limits the practical
deployment in especially high-stakes scenarios.

In this paper, we consider accurately answering isolated
complex logical questions and ensuring logical consistency
across outputs to different questions as two sides of the coin in
improving the logical reasoning capabilities of LLMs. Many
methods have been proposed to improve the logical ques-
tion answering accuracy [Xu er al., 2024b; Wan et al., 2024]
and logical consistency [Paleka et al., 2025; Calanzone et al.,
2025]. We comprehensively investigate the most cutting-edge
methods and propose a detailed taxonomy, as shown in Figure
1. Specifically, for logical question answering, these meth-
ods are classified into solver-based, prompt-based, and fine-
tuning methods. In general, solver-based methods translate
natural language problems to symbolic language expressions,
and then solve them via external logical solvers [Ye et al.,
2023; Olausson et al., 2023]. Prompt-based methods either
explicitly model the logical chain when answering the ques-
tions [Zhang et al., 2024], or translate natural language into

symbolic language by well-defined prompts, and then utilize
LLMs for better reasoning [Xu et al., 2024a]. Considering the
lack of high-quality reasoning samples in the pre-training cor-
pus [Morishita et al., 2024], fine-tuning methods train LLMs
with augmented deductive proofs and natural language exam-
ples explicitly including the logical reasoning process. For
logical consistency, we formulate the most common types of
violations, including implication, negation, transitivity, fac-
tuality consistencies, and their composites, discuss the state-
of-the-art solutions, and review commonly used benchmark
datasets and evaluation metrics. Lastly, we discuss promis-
ing research directions, such as extending to modal logic to
account for uncertainty and developing efficient algorithms
satisfying multiple logical consistencies.

To the best of our knowledge, this is the first work to com-
prehensively investigate the most cutting-edge research on
improving LLM logical reasoning capabilities, covering com-
plex logical question answering and logical consistency. A
relevant survey work [Zong and Lin, 2024] focuses on cate-
gorical syllogisms, as a specific logical reasoning paradigm,
but ignores other complex logic inference rules. In addition,
another survey [Lam er al., 2024] only discuss the methods
based on external tools such as logical solvers.

2 Logical Question Answering

Leveraging LLMs for complex reasoning problems has been
a key focus of recent research [Luo er al, 2023; Sun et
al., 2024; Zhang et al., 2024]. Numerous studies have ex-
plored methods to enhance the logical reasoning capabilities
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Figure 2: The overview of workflow in solver-based methods for logical question answering.

Figure 3: The logical derivation process could be represented as a
DAG, where 1-5 represent premises, A-F represent the derivation
proceed and every edge represents an individual inference.

of LLMs, which can be broadly categorized into solver-based
(Sec. 2.1), prompt-based (Sec. 2.2), and fine-tuning methods
(Sec. 2.3). In addition, many benchmarks are developed to
evaluate the LLM logical reasoning capabilities (Sec. 2.4).

2.1 Solver-Based Methods

The solver-based methods translate natural language (NL)
questions to symbolic language (SL) expressions, and then
solve them via external solvers. The workflow is shown in
Figure 2, including the following three steps. First, these
methods use LLMs to translate NL into SL (such as logic pro-
gramming (LP), first-order logic (FOL), constraint satisfac-
tion (CSP), or boolean satisfiability (SAT) formulation) that
can be recognized by corresponding solvers. Next, they adopt
an external solver for logical reasoning to output the desired
answer. Finally, LLMs are used to translate the SL answer
provided by the solver into NL to generate the final answer
based on ensemble algorithms such as majority vote.
Specifically, Faithful CoT [Lyu et al., 2023] translates an
NL query into an SL reasoning chain with a deterministic
solver (e.g., Python/Datalog interpreter) to improve the faith-
fulness of LLM-generated answers. Focusing on logical rea-
soning motivated by this approach, SatLM [Ye er al., 2023]
and LINC [Olausson et al., 2023] propose to integrate logical
solvers into the reasoning processes of LLMs. In particular,
LINC leverages prompting to enable LLMs to translate NL
inputs comprising multiple premises and a conclusion into
SL expressions. To mitigate translation errors that arise from
LLMs, LINC generates multiple SL samples for a single NL
problem. The solver then produces the corresponding results
as candidate outputs, after which k-majority voting is applied

to select the optimal output as the final answer to the logic
reasoning question. SatLM exploits the LLM to translate the
NL logic question into a set of logical constraints and then
employs an SAT solver to execute the proof plan and derive
answers. Unlike LINC and SatLM adopt a single type of SL
and use its corresponding solver, LogicLM [Pan et al., 2023]
utilizes LLMs to translate NL problems into a task-specific
formulation, which could be the LP language, FOL, CSP,
and SAT formulation, tailored to different datasets. LogicLM
then utilizes the corresponding solvers to obtain the answers
and finally translates them back to NL.

While the above methods demonstrate remarkable perfor-
mance, they heavily rely on the correctness of the transla-
tion between NL and SL. To enhance translation accuracy,
CLOVER [Ryu et al., 2025] first translates the raw NL para-
graph to atomic NL subsentences with their logical depen-
dency structure, then translates to the target SL. VERUS-
LM [Callewaert et al., 2025] introduces a self-refinement
step that uses feedback from the reasoning engine to correct
erroneous logical statements, performing both syntactic re-
finement and semantic refinement. Vutodval [Karia ef al.,
2024] adds a bidirectional translation loop of SL—NL (inter-
pretation) and NL—SL (compilation), and then uses logical
solvers to automatically check the logical equivalence of SL
expressions before and after the translation loop, to ensure the
correctness of LLM answers without human annotation.

The limitations of the solver-based methods can be sum-
marized as follows. First, transforming logical questions
into formal expressions will result in information loss [Li et
al., 2024b; Liu et al., 2025b], leading to unsolvable prob-
lems. For example, in the symbolic translation of “When a
person reads a book, that person gains knowledge. Harry
reads Walden. Whether this inference is correct: Harry
gains knowledge”, the solver will output uncertain, since the
symbolic translation process loses the vital hidden informa-
tion “Harry is a person” and “Walden is a book”, which
can be easily inferred by humans [Liu er al., 2025b]. Sec-
ond, a small mistake in translation from the NL questions
to the SL formulation will severely affect the results de-
rived from SL solvers. For example, GPT 3.5 is not able
to add a complete bracket in a logical formula, leading
to wrong SL with different meanings [Feng et al., 2024;
Lam et al., 2024]. Lastly, as the complexity of the question
increases, the search space expands exponentially, decreasing
both the effectiveness and efficiency [Zhang et al., 2023b].



2.2 Prompt-Based Methods

Prompting is a direct and effective technique for eliciting the
logical reasoning capabilities of LLMs, which can be broadly
divided into two categories. The first is to explicitly model
the logical chain when answering the questions. For exam-
ple, the Chain-of-Thought (CoT) [Wei et al., 2022] prompting
strategy enables LLMs to output the reasoning process step-
by-step. Based on this, Tree-of-Thought (ToT) [Yao et al.,
2024] is proposed to let LLMs self-evaluate and select among
multiple inference paths. Graph-of-Thought (GoT) [Besta et
al., 2024] enhances LLMs’ capabilities through networked
reasoning, by modeling LLM thought as a vertex and repre-
senting the dependencies between such thoughts via edges.
To better mirror human reasoning process, as shown in Fig-
ure 3, cumulative reasoning (CR) [Zhang et al., 2023a] de-
composes the complex problem into small and manageable
components, and modeling the logical derivation process as
a direct acyclic graph (DAG) among these components, in
which previous propositions are leveraged for effective com-
position. Diagram-of-Thought (DoT) [Zhang et al., 2024]
prompts a single LLM to construct and navigate the DAG by
role-specific tokens (e.g., proposer, critic, summarizer).

The second category is to obtain the symbolic expres-
sions and to leverage its advantages by well-defined LLMs’
prompts. For example, SymbCoT [Xu et al., 2024a] prompts
LLMs to first translate NL problems to SL formulation, then
generate a step-by-step solution to address the task with logic
inference rules such as modus ponens (MP) rule, and finally
to validate the correctness of the translation and answers. In-
stead of using linguistic token relations for decomposing log-
ical problems, which may lead to disconnected sub-problems
and faulty reasoning, the Aristotle framework [Xu et al.,
2025a] proposes to exploit the underlying logical structure
for decomposition to improve both efficacy and efficiency.
In addition, Logic-of-Thought (LoT) [Liu et al., 2025b] in-
structs LLMs to translate and expands the implicated logical
expressions based on the logic rules, then adding these ex-
panded logical information into the input prompt to derive the
final answers. LINA [Li et al., 2024b] design LLMs’ prompts
via hypothetical-deductive reasoning paradigm to reduce the
expansive search space compared to the traditional forward
reasoning methods. ChatLogic [Wang er al., 2024] integrates
symbolic logic programming (e.g., pyDatalog) through inter-
active prompts, which corrects semantic and syntactic errors
of the programming to improve the deductive accuracy.

Despite the transparency and interpretability of prompt-
based methods, they still have the following limitations.
First, despite the prompt-based methods can correctly trans-
late from NL to SL, reasoning errors remain, suggesting
that the source of these errors is not the misinterpretation
of the premise sentences but rather the reasoning process it-
self [Ozeki et al., 2024]. Second, compared with solver-
based methods, the prompt-based methods are more rely
on the LLM’s own reasoning capabilities, leading to sub-
optimal performance when facing the complex reasoning
tasks. Lastly, solving a problem typically requires numerous
inference steps, in which the LLMs are iteratively prompted
with various search strategies [Yao er al., 2024], resulting in
a significant computational cost [Yang et al., 2025].

2.3 Fine-Tuning Methods

The limited reasoning abilities of LLMs can be attributed to
the lack of high-quality reasoning samples (especially logi-
cal multi-step deduction or proofs) in the pre-training corpus,
which is composed mainly of human-written texts [Morishita
et al., 2024]. Human-written texts usually show reflexive
thinking rather than rigid reasoning, let alone logical deduc-
tion or inference. Intuitively, training LLMs with deductive
proofs and NL examples including the explicit logical reason-
ing process provides an effective way to enhance the intrinsic
logical reasoning capabilities of LLMs.

In general, the fine-tuning data for enhancing the logical
reasoning capabilities of LLMs are generated via logic rules.
Specifically, LogicAsker [Wan et al., 2024] formally defines a
comprehensive set of 34 atomic logic rules and 208 extended
rules necessary for LLMs to execute formal reasoning based
on propositional and predicate logic. By evaluating reason-
ing ability on each rule, LogicAsker figures out the reason-
ing rules that LLM performs poorly, based on which creating
corresponding in-context-learning examples and fine-tuning
data to improve reasoning abilities. Similar to LogicAsker,
ALT [Morishita et al., 2024] builds a synthetic logic corpus
based on diverse logical reasoning rules such as syllogism,
contraposition, and De Morgan’s laws, comprising numerous
samples of multi-step deduction with unknown facts, diverse
linguistic expressions, and challenging distractors. Instead of
directly augmenting NL via logical rules, AMR-LDA [Bao
et al., 2024] first converts the original NL into an Abstract
Meaning Representation (AMR) graph to capture the logi-
cal structure of the sentence, then augments NL via logically
augmented AMR graphs. In addition, incorporating deeper
reasoning steps for fine-tuning the LLMs can further enhance
the logical reasoning capabilities of LLMs [Bao et al., 2022].

The effectiveness of fine-tuning methods can be further im-
proved by incorporating more symbolic reasoning process
and challenging instances, as well as solution refinement.
Specifically, LoGiPT [Feng et al., 2024] empowers LLMs
by directly learning the reasoning process of logical solvers,
avoiding the risk of no answer to the logical questions when
facing parsing errors for the solver-based methods. LRea-
soner [Wang et al., 2022] proposes to augment challeng-
ing instances with literally similar but logically different in-
stances and incorporates contrastive learning to better capture
logical information such as logical negative and conditional
relationships. DiLA [Zhang et al., 2023b] utilizes the LLM
to generate an original solution, and then iteratively refines
it by forward and backward passes through a network logic
layer involving first-order logic constraints. Moreover, Uni-
gram [Sileo, 2024] shows that simple declarative grammars
paired with solvers can outperform complex proof tree gen-
erators for reasoning dataset generations. To reduce manual
annotation costs, LogicLLM [Jiao et al., 2024] introduces a
fully self-supervised framework for integrating logical rea-
soning capabilities into LLMs.

2.4 Evaluation: Tasks and Benchmark Datasets

Typically, a logical reasoning question contains an NL de-
scription that outlines a set of propositions or constraints re-
lated to certain objects, along with a corresponding question
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Figure 4: A general framework to enhance the logical consistency of LLM outputs across different questions.

about these objects. The objective is to infer the correct an-
swer to the question based on the given information [Ye et
al., 2023]. These question-answering pairs can be typically
categorized into two primary types [Luo et al., 2023]:

(1) Logical Statement Checking: Assess whether a given
question or statement can be logically inferred from the pro-
vided information, producing an output choosing from true,
false, or unknown. The formulation includes logic pro-
gramming, propositional logic, and first-order logic language.
Typical datasets include Proofwriter [Tafjord er al., 20211,
FOLIO [Han et al., 2024], Ruletaker [Clark et al., 2021], etc.

(2) Multiple Choice Question-Answering: Identify the
correct option from multiple choices satisfying all given
premises and constraints. The formulation includes constraint
satisfaction problems and Boolean SAT formulation. Typical
datasets include ReClor [Yu er al., 20201, LogiQA [Liu et al.,
2021], AR-LSAT [Zhong et al., 2022], etc.

In addition, several studies have established benchmarks
for evaluating LLMs’ various types logical reasoning. Specif-
ically, LogicNLI [Tian et al., 2021] assesses FOL reasoning
via natural language inference. LogiGLUE [Luo et al., 2023]
and LogiEval [Liu et al., 2023; Liu et al., 2025a] cover de-
ductive, abductive, inductive, and analogical reasoning. Log-
icPro [Jiang er al., 2024] synthesizes complex logical data
using algorithm problems with Python code, while LINK [Li
et al., 2024a] systematically generates long-tail reasoning
data via logical rules. LogicBench [Parmar et al., 2024]
and Multi-LogiEval [Patel er al., 2024] consist of proposi-
tional, first-order, and non-monotonic logic, in which Multi-
LogiEval contains samples with reasoning steps up to five.
AutoLogi [Zhu et al., 2025] and SATBench [Wei et al., 2025]
use logical puzzles to create datasets with varying difficulties,
while SmartyPat-Bench [Xu er al., 2025b] generates anno-
tated logical fallacies using Prolog rules.

3 Logical Consistency

Logical consistency requires LLM responses across differ-
ent questions do not conflict with each other and the es-
tablished knowledge bases according to the logical princi-
ples [Mitchell et al., 2022; Tafjord et al., 2022]. This prevents
LLMs from contradicting themselves in multiple outputs and
is consistent with external knowledge [Calanzone et al., 2025;
Ghosh et al., 2025], improving the reliability and trustworthi-

ness especially in high-stakes real-world deployment so as to
strengthening end-users’ experience and confidence.

Unfortunately, merely training on QA datasets is insuffi-
cient to meet the consistency requirements. To address this
issue, many methods have been proposed to improve the log-
ical consistency of LLMs. Hereafter, we will take a closer
look at various logical consistencies, including logical rela-
tionships among one, two, three statements and their com-
posites. Meanwhile, we will summarize corresponding meth-
ods for enhancing LLM logical consistencies as well as the
evaluation metrics.

3.1 Negation Consistency

Negation consistency, as the basis of logical consistency, re-
quires that p and —p cannot hold simultaneously while one
of them is true p & —p, i.e., (p V =p) A =(=p A p) [Kassner
et al., 2023]. In NL, there are two forms of negation consis-
tency: the first is to directly add not to the statement, and the
second is to replace the original adjective in the statement
with its antonym [Asai and Hajishirzi, 20201, e.g., replac-
ing heavier with lighter. Empirically, recent studies found
that LLMs are prone to producing responses that contradict
themselves across different questions [Kassner et al., 2023;
Ghosh et al., 2025]. For example, LLaMA-2-70B answers
true to both questions Is an albatross an organism? and Is an
albatross not an organism?.

To address this challenge, Beliefbank [Kassner et al., 2021]
stores LLM’s raw answers (or beliefs) and flips the beliefs
that clash significantly with others using a constraint solver
(e.g., MaxSAT solver). The modified beliefs are then used
as query context via a feedback mechanism for improving
both consistency and accuracy of the LLM when facing rel-
evant questions. Similarly, as shown in Figure 4, Con-
CoRD [Mitchell et al., 2022] first generates several candidate
outputs from the initial model, then estimates soft pairwise
inconsistencies between the outputs using natural language
inference, and finally finds the most satisfactory output for
each question via a MaxSAT solver.

3.2 Implication Consistency

The implication consistency is based on the logical rule p —
q,p F q. It means that given a constraint “p — ¢” and the
premise p, it can be inferred that “q is True”. If the model



outputs that “q is False”, then we say the output violates im-
plication consistency. For example, given the physical fact
that All Iron (p) is metal (q), LLMs are not to be expected
to answer True to This material is iron (p) and False to This
material is metal (q) at the same time.

Intuitively, implication consistency is closely related to the
CoT method because each chain can be regarded as a logical
implication. The incorrectness of LLM-generated explana-
tions may lead to logically inconsistent and unreliable out-
puts. To infer a correct output to a question even from the
unreliable generations of LLMs, Maieutic Prompting [Jung
et al., 2022] offers a novel few-shot inference method that
infers a correct answer by inducing the LLMs to generate ab-
ductive explanations (e.g., X is true, because ...) for diverse
hypotheses and enumerating a structure of explanations —
possibly noisy and contradictory — and resolving them with
a symbolic inference algorithm.

3.3 Transitivity Consistency

Transitivity represents the logical relationships among three
logical statements. Formally, given two premises p — ¢ and
q — r, it can be inferred that p — r, which is regarded
as the transitivity consistency. It has been shown that LLMs
lack transitivity consistency. For example, the state-of-the-
art QA model Macaw answers both Yes to Is a sparrow a
bird? and Does a bird have feet?, but answers No to Does
a sparrow have feet? [Mitchell et al., 2022]. From the two
affirmative answers, it can be implied that A sparrow has the
feet according to the transitivity rule, which is incompatible
with the negative answer to Does a sparrow have feet?.

To mitigate the transitivity inconsistency of LLMs, a logic-
guides data augmentation and consistency regularization ap-
proach [Asai and Hajishirzi, 2020] leverages logical and lin-
guistic knowledge to augment labeled training data and then
uses a consistency-based regularizer to train the LLMs. For
example, based on the questions If a tsunami happens, will
wood be more moist? and If wood is more moist, is more
weathering occurring? along with answers More and More,
the implicated information If a tsunami happens, is more
weathering occurring? together with the answer More will
then be augmented by the transitivity. Similarly, for improv-
ing the negation consistency, the antonyms as well as the
negation of the statements will also be added to the dataset.
In this way, this approach achieves large improvements over
previous methods in a variety of logical QA tasks.

3.4 Factuality Consistency

Factuality consistency refers to the degree of alignment be-
tween the generated outputs from LLMs and the real-world
knowledge base (KB). It is closely related to fact-checking
tasks, which involve evaluating the factual accuracy of model
outputs by comparing them with reliable knowledge sources,
while also detecting potential logical errors or factual inaccu-
racies. Factuality consistency differs from other logical con-
sistencies in that it requires LLMSs not to violate an external
knowledge base [Calanzone erf al., 2025]. In contrast, the lat-
ter requires that logical rules not be violated.

To address the issue of insufficient factuality consistency in
existing LLMs under complex query scenarios, an evaluation

and improvement framework is proposed through a combi-
nation of knowledge graph (KG) integration and supervised
fine-tuning [Ghosh ef al., 2025]. Using a retrieval-augmented
generation (RAG) framework, they provide LLMs with KG
contexts (subgraphs extracted via breadth first search) to
ground fact-checking queries. The key approach involves su-
pervised fine-tuning on three datasets constructed in the RAG
manner to enforce consistency, where the model learns to
align responses with logical rules (e.g., commutative laws,
negation consistency) and notably KG facts. By leverag-
ing structured KG facts and explicit logical constraints, the
approach enhances LLMs’ factuality consistency in fact-
checking tasks involving propositional logic.

3.5 Compositional Consistency

Compositional consistency refers to the ability to maintain
various types of logical consistency when combining multiple
facts or logical constraints. Specifically, when a model needs
to combine independent facts into a complex chain of reason-
ing by logical operators (e.g., implication, conjunction, etc.),
it should ensure that each step of the derivation conforms to
the logical rules, and makes final conclusions self-consistent
and logically correct to avoid contradictions. This requires
LLMs not only understand the meaning of individual fact, but
also to correctly capture the logical relationships when they
are combined, avoiding LLMs’ inference errors.

For LLMs’ outputs to satisfy compositional consistency,
LoCo-LMs [Calanzone et al., 2025] introduces a loss based
on neuro-symbolic reasoning that teaches an LLM to be log-
ically consistent. The loss encourages the LLM to perform
principled probabilistic reasoning at training time by maxi-
mizing the probability of LLM’s beliefs that comply with the
provided set of logical constraints. In addition, REPAIR [Liu
et al., 2025c] proposes a universal framework to quantify the
compositional logical consistency including three fundamen-
tal properties: transitivity, commutativity, and negation in-
variance, then refines noisy pairwise comparisons using rank
aggregation and augments logically consistent comparisons
for instruction-tuning. This leads to improved logical consis-
tency while maintaining alignment with human preferences.

3.6 Evaluation

BeliefBank [Kassner et al., 2021] introduces a gold-standard
for evaluating the accuracy and consistency of LLM-
generated answers, which has been widely adopted by sub-
sequent work [Mitchell er al., 2022; Kassner et al., 2023].
The evaluation framework typically includes:

* A set of entities S = {s,, }M_,;
* A set of unary predicates P = { P, }_,;

* A collection of facts {(P, (sm)),}.

}i=1> Whose binary
truth value {0, 1} is known;

* A directed graph of constraints G(P, E'), whose edges
(Py, Py) € E represent Vs, (P (Sm) = Pp/(Sm)).

From these, the simple yes/no questions are constructed
using natural language templates. For example, for fact
P, (8m), if entity s,, represents a student and predicate P,
represents an ability to play piano, then the corresponding he



template-generate QA pair (g;, a;) means the question Q: Is
it true that a student is able to play piano? together with the
answer A: Yes or No.

To assess the logical consistency within LLM-generated
answers across different questions, Beliefbank [Kassner et
al., 2021], ConCoRD [Mitchell ef al., 2022] and many sub-
sequent work apply the complement of conditional con-
straint violation metric T [Li et al., 2019], that is, 1 — 7, in
which 7 is defined as the proportion of relevant constraints
in G which are violated. Specifically, we say a constraint
Va (Pp(z) = Py (x)) is relevant if for some entity s,,, there
exists some LLM outputs considering the premise (P, (s.,));
is true, and there also exists some LLM outputs correspond-
ing to the conclusion (P, (s.,)) ;3 the constraint is violated

when the LLM outputs considers the conclusion (P (sm));
is false. As for true answers are highly biased towards No an-
swers, F1 metric between LLM outputs and the truth value of

facts (P, (sm)); is employed in practice.

4 Future Research Directions

4.1 Extension to Conditional and Modal Logic
Reasoning

Despite state-of-the-art approaches greatly enhance the first-
order logic reasoning of LL.Ms, there still remains a lack of
exploration into the more complex reasoning abilities such
as conditional and modal logic reasoning. Specifically, sen-
tences involving conditional reasoning can be written in the
form of If ..., then . ... For example, If the match is struck
(), then it will light (q) implies If the match is struck (p)
and has been soaked in water (r), then it will light (g), which
can be represented as p — ¢ F (p A1) — ¢. Conditional
reasoning is also related to the non-monotonic reasoning, and
a recent corresponding benchmark reveals significant limita-
tions in current LLMs in this capability [Ren et al., 2025]. In
addition, modal logic extends propositional logic by further
incorporating must and might to account for the certainty
and possibility, respectively. For example, Mary might ()
not (—) have been at the wedding (p) implies It’s not (—) the
case that Mary must (1) have been at the wedding (p), which
can be formally formulated as O—p F —Op. Despite ex-
panding to conditional and modal logic reasoning can signifi-
cantly increase the applicability of LLMs, recent work shows
almost all LLMs make some basic mistakes with condition-
als or modals, display logically inconsistent judgments across
their inference patterns [Holliday et al., 2024]. Therefore, it
is still worthwhile to explore new methods to enable LLMs to
reason about conditional and uncertain events.

4.2 Higher-Order Logical Reasoning of LL.Ms

Compared to first-order logic, higher-order logic (HOL) en-
ables reasoning about properties and functions, thus facilitat-
ing more complex statements and proofs. First-order logic
only quantifies over individual variables, which can only per-
form reasoning about properties of objects, not properties of
properties. In contrast, HOL allows quantification over func-
tions and predicates, enabling reasoning about properties of
properties and function relationships. For example, a first-
order logic statement All cats are mammals can be formu-

lated as Vz(Cat(x) — Mammal(z)). A related HOL ex-
ample would be There is a property that all cats have, such
that any animal with that property is a mammal, which can
be formulated as IPVz(Cat(x) — P(x)) A Vy(P(y) —
Mammal(y)). This demonstrates the ability to quantify over
properties (not just individual objects), allowing for more
complex expressions and reasoning on LLMs.

4.3 Efficient Algorithms Satisfying Multiple
Logical Consistencies

While numerous methods have been proposed to enhance var-
ious types of logical consistency in LLMs, two critical chal-
lenges still remain. On the one hand, most methods are lim-
ited to enhancing a specific type of logical consistency, failing
to satisfy multiple logical consistencies simultaneously. For
example, the logic-guided data augmentation [Asai and Ha-
jishirzi, 2020] only simulates reverse samples and transitive
logical rules to enhance negation consistency and transitiv-
ity consistency of LLMs, respectively. Nonetheless, improv-
ing a specific type of logical consistency doesn’t necessarily
enhance others. On the other hand, enumerating all possible
combinations of answers to all questions to verify logical con-
sistencies of LLMs would cost exponential space storage and
unexpectedly large computational overhead. Taking the tran-
sitivity consistency checking as an example, one need to de-
termine the answer to each of the three associated questions,
which requires time complexity O(n?). ZebraLogic [Lin et
al., 2025] reveals LLMs’ logical reasoning performance de-
clines significantly with increasing search space and logical
conflicts, named as “curse of complexity”. Efficient LLM
algorithms are needed in large-scale real-world applications
such as accounting [Li and Vasarhelyi, 2024]. Therefore, it is
essential to develop more efficient methods that can simulta-
neously satisfy the various logical consistencies of LLMs.

5 Conclusion

In summary, this survey provides a comprehensive overview
of the most cutting-edge methods for enhancing LLM log-
ical reasoning capabilities. Despite impressive advances in
most NLP tasks, LLMs still face significant challenges in
their logical reasoning abilities, especially in logical question
answering and logical consistency. Through a thorough tax-
onomy, we classify state-of-the-art methods for tackling these
challenges, including logical question answering via external
solvers, prompting, and fine-tuning, as well as a variety of
logical consistency concepts and corresponding solutions, in-
cluding negation, implication, transitivity, factuality consis-
tencies, and their composites. In addition, we review bench-
mark datasets and evaluation metrics used in this research di-
rection, which are critical for assessing LLM performance in
logical reasoning tasks. Looking ahead, promising research
directions include extending LLMs’ logical reasoning abili-
ties to modal logic for addressing questions with uncertainty
and developing efficient algorithms to satisfy multiple logical
consistencies simultaneously. These advancements are piv-
otal for enhancing the reliability and robustness of LLMs in
applications requiring precise logical reasoning, and will ulti-
mately bridge the gap between current abilities of LLMs and
the demands of complex reasoning in real-world scenarios.
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