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Abstract

Large Language Models (LLMs) have achieved impressive
progress in reasoning and problem-solving, yet their logical
consistency and verifiability remain limited. To enhance these
capabilities, recent research has developed LLM symbolic
reasoning, which integrates symbolic formalisms and struc-
tured computation into neural reasoning. This survey pro-
vides the first systematic overview of this rapidly growing
field. We organize existing studies into a unified taxonomy
from a progressive perspective, ranging from fundamental
symbolic formalization, logic programming, theorem prov-
ing, neuro-symbolic integration, to practical planning and
search-guided reasoning, program synthesis, and tabular rea-
soning. Each category reflects a distinct mechanism by which
LLMs acquire, represent, or utilize symbolic knowledge to
enhance reasoning reliability. Beyond taxonomy, we ana-
lyze interaction patterns between neural and symbolic com-
ponents, summarize representative applications in domains
such as mathematics, programming, and healthcare, and dis-
cuss challenges in alignment, consistency, and interpretabil-
ity. This work aims to provide conceptual clarity and inspire
future research toward trustworthy, generalizable, and cog-
nitively grounded LLM symbolic reasoning. A continuously
updated project is available at: https://github.com/jindongli-
Ai/LLM-Symbolic-Reasoning-Survey.

Introduction
Large Language Models (LLMs) have demonstrated re-
markable capabilities in natural language understanding and
generation. However, their reasoning capabilities often re-
main limited, such as making logical mistakes or failing
to follow formal inference rules (Zhou et al. 2024; Cheng
et al. 2025). A range of prompting and architectural tech-
niques, such as Chain-of-Thought (CoT) prompting, self-
verification, and tree search, have been introduced to im-
prove logical consistency and multi-step reasoning. How-
ever, these methods typically rely on informal text language
and do not guarantee correctness under rigorous verification.
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Figure 1: LLM Symbolic Reasoning bridges natural and
symbolic reasoning, combining the flexibility and semantic
richness of natural language with the rigor, consistency, and
verifiability of symbolic logic.

To address these limitations, recent research has explored
LLM symbolic reasoning, in which LLMs are augmented
with symbolic reasoning mechanisms. This involves LLM-
generated symbolic expressions (e.g., logic formulas, exe-
cutable programs, proof sketches) being processed by sym-
bolic solvers such as Prolog, Z3, Lean, or SMT (Zhang et al.
2023a; Yang et al. 2024; Hu et al. 2024). This hybrid design
bridges the expressive flexibility of natural language with
the rigor and verifiability of symbolic reasoning, enabling
LLMs to produce not only plausible but also formally con-
sistent reasoning outcomes, as shown in Fig. 1.

Despite rapid progress, none of the existing surveys sys-
tematically investigates LLM symbolic reasoning, where
LLMs collaborate with or are guided by symbolic reason-
ing mechanisms (e.g., logic programs (Tan et al. 2024), the-
orem provers (Qi et al. 2025), or neural integration (Calan-
zone, Teso, and Vergari 2025)) to achieve interpretable and
verifiable reasoning. Existing reviews on neuro-symbolic or
logic-augmented models mainly address task-specific learn-
ing. A recent study (Cheng et al. 2025) focuses on logi-
cal question answering and consistency, rather than solver-
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Direct FLD (Morishita et al. 2023), Parsel (Zelikman et al. 2023), LogicLLaMA (Yang et al. 2024)

DSL Design AutoDSL (Shi et al. 2024)

Formal Verification and Consistency Checking
Faithful CoT (Lyu et al. 2023), (Borazjanizadeh and Piantadosi 2024), PALM (Wu et al. 2025),
(Sakharova, Anand, and Mezini 2025)

Logic Programming

Answer Set Programming (ASP) DSR-LM (Zhang et al. 2023a), LLM-ASP (Yang, Ishay, and Lee 2023), Logot (Li et al. 2025a)

Programming in Logic (Prolog) Thought-Like-Pro (Tan et al. 2024), ChatLogic (Wang et al. 2024)

Theorem Proving

Foundation

General-Purpose Theorem Proving (Luo 2025), (Kirtania 2025), ProverGen (Qi et al. 2025), HybridProver (Hu et al. 2025)

Math Theorem Proving LIPS (Li et al. 2025b)

Application

SMT & Constraint-based SATLM (Ye et al. 2023), (Chen et al. 2025), WARP (Koh et al. 2025)

Autoformalization Logic-LM (Pan et al. 2023), LINC (Olausson et al. 2023),
Don’t Trust: Verify (DTV) (Zhou et al. 2024)

Symbolic CoT & Interface
SymbCoT (Xu et al. 2024c), CoS (Hu et al. 2024), Graph-CoT (Jin et al. 2024),
BINDER (Cheng et al. 2023), Symbol-LLM (Xu et al. 2024b)

Iteration-based ToRA (Gou et al. 2024), APOLLO (Ospanov, Farnia, and Yousefzadeh 2025)

Uncertainty Reasoning BLInD (Nafar, Venable, and Kordjamshidi 2025)

Neuro-Symbolic Integration

Representation-Level
NLEP (Zhang et al. 2024), VERUS-LM (Callewaert, Vandevelde, and Vennekens 2025),
LoCo (Calanzone, Teso, and Vergari 2025)

Learning-Level EnVISIONS (Xu et al. 2024a), LLMSymbolic (Fang et al. 2024)

Knowledge-Level
CaRing (Yang et al. 2025), SymBa (Lee and Hwang 2025), SymAgent (Liu et al. 2025),
LeSR (He, Yu, and Wang 2025)

Special Domain Integration

Medical (Shekhar et al. 2023), (Zhang et al. 2023b)

Others (Kant et al. 2025), SymRTLO (Wang et al. 2025)

Task-Specific

Planning and
Search-guided
Reasoning

Action Planning
LLM+P (Liu et al. 2023), SPC (Chiu et al. 2023), LLM-DM (Guan et al. 2023),
Planning in the Dark (Huang, Lipovetzky, and Cohn 2025), SPG (Kalithasan et al. 2025),
PSALM (Zhu et al. 2025), InstructFlow (Chi et al. 2025)

Search-based Reasoning HiAR-ICL (Wu et al. 2024), Symbolic ReAct (Tan et al. 2025)

Program Synthesis

Math
(Gaur and Saunshi 2023), (He-Yueya et al. 2023), PoT (Chen et al. 2023),
SYRELM (Dutta et al. 2024), Math2Sym (Nguyen et al. 2024)

General-Purpose
Programming Code PAL (Gao et al. 2023)

Tabular
NormTab (Nahid and Rafiei 2024a), TabSQLify (Nahid and Rafiei 2024b), RelationalCoder (Dong et al. 2025),
TabFormer (Dong, Hu, and Cao 2025)

Dedicated Benchmark and
Environment

Dedicated Benchmark FOLIO (Han et al. 2024), LFC (FreebaseLFC, NELLLFC, WikiLFC) (Ghosh et al. 2025)

Dedicated Environment LeanDojo (Yang et al. 2023), Reasoning Core (Lacombe, Quesnel, and Sileo 2025)

Figure 2: Taxonomy of LLM Symbolic Reasoning with representative works.

centric symbolic integration. It is worth noting that, while
knowledge graph (KG)-based methods and probabilistic
logic models can also be regarded as part of the broader
symbolic reasoning paradigm, they represent relatively pe-
ripheral directions that are already well established. There-
fore, we don’t consider these works in this survey. This work
mainly fills the gap by providing a unified and principled
synthesis of how symbolic reasoning mechanisms are incor-
porated into LLMs to enhance logical consistency, reliabil-
ity, and cognitive grounding.
Our main contributions are summarized as follows:

• We present the first comprehensive survey on LLM sym-
bolic reasoning, providing a unified conceptual frame-

work that connects symbolic reasoning paradigms with
neural reasoning processes. Our taxonomy covers seven
major research lines: symbolic formalization, logic pro-
gramming, theorem proving, neuro-symbolic integration,
planning and search-guided reasoning, program synthe-
sis, and tabular reasoning (see Fig. 2).

• We introduce a mechanism-oriented taxonomy (Sec.2-
Sec.5) that characterizes cooperative patterns between
symbolic and neural components from a progressive per-
spective, ranging from fundamental language-to-symbol
formalization, symbolic rule execution, and proof veri-
fication to neural integration, revealing general architec-
tural principles across diverse reasoning systems.
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Figure 3: The general symbolic formalization pipeline,
where LLMs translate natural language descriptions into for-
mal logic specifications to verify their consistency through
symbolic engines.

• We also summarize representative task-specific applica-
tions (Sec.6) across mathematics, programming, health-
care, robotics, etc., demonstrating how LLMs employ
symbolic reasoning to support reliable and domain-
specific decision making.

• We highlight open challenges in scalability, consistency,
and interpretability, and propose future research direc-
tions toward building trustworthy, generalizable, and
cognitively grounded LLM symbolic reasoning systems.

Symbolic Formalization
Symbolic formalization focuses on transforming natural
language into verifiable logical forms (see Fig. 3). It bridges
human semantics and machine-checkable symbolic struc-
tures, enabling LLMs to express reasoning in precise sym-
bolic terms without executing the reasoning process itself.

Formal Logic Translation and Specification
Direct. Recent works enable LLMs to transform natural
language (NL) into explicit logical or probabilistic speci-
fications, providing machine-verifiable symbolic represen-
tations of reasoning semantics. e.g., FLD (Morishita et al.
2023) generates a logic-grounded corpus from formal ax-
ioms to improve deductive reasoning generalization. Parsel
(Zelikman et al. 2023) converts natural language prob-
lems into compositional symbolic programs for verifiable
algorithmic reasoning. LogicLLaMA (Yang et al. 2024)
enhances natural language–to–first-order logic translation
through iterative symbolic correction guided by logical con-
sistency. Together, these approaches demonstrate a unified
trend toward grounding linguistic semantics in formal log-
ical structures, enabling LLMs to express reasoning in ex-
plicitly verifiable forms.

Domain-Specific Language (DSL) Design. When LLMs
lack direct symbolic knowledge for formal translation, an in-
termediate language becomes necessary to encode procedu-
ral or domain-specific logic in a structured form. AutoDSL
(Shi et al. 2024) automates this process by learning syntac-
tic structures and semantic constraints from domain corpora,
yielding dual-layer rules that guide LLMs toward structured
and verifiable procedural reasoning.

Formal Verification and Consistency Checking
To ensure that reasoning is not only plausible but also logi-
cally sound, some works incorporate formal verification into
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Figure 4: The general logic programming pipeline, where
LLMs generate symbolic rules executed by ASP or Prolog
solvers to derive reasoning results.

reasoning pipelines. By coupling LLM outputs with sym-
bolic solvers or theorem provers, these works check the va-
lidity of reasoning chains, enforce internal consistency, and
prevent spurious conclusions. For instance, Faithful CoT
(Lyu et al. 2023) introduces a two-stage pipeline that trans-
lates natural language into symbolic reasoning chains and
executes them deterministically to guarantee faithful reason-
ing. Reliable Reasoning beyond Natural Language (Boraz-
janizadeh and Piantadosi 2024) leverages Prolog execution
to validate logical consistency and proposes the Non-Linear
Reasoning dataset to test robustness. PALM (Wu et al. 2025)
combines path-aware symbolic execution with LLM-based
test generation, achieving higher path coverage and inter-
pretability. Integrating Symbolic Execution into the Fine-
Tuning of Code-Generating LLMs (Sakharova, Anand, and
Mezini 2025) employs symbolic execution to generate un-
biased test cases, improving RL and DPO training for code
generation. Such efforts illustrate a shift from merely plausi-
ble reasoning traces to verifiable pipelines, where symbolic
execution ensures correctness and consistency across differ-
ent reasoning domains.

Logic Programming
Logic programming focuses on enabling LLMs to generate
and execute symbolic rules through declarative frameworks
such as ASP (Answer Set Programming) and Prolog (Pro-
gramming in Logic) (see Fig. 4). It emphasizes rule-based
reasoning, where relations are explicitly defined and solved
by symbolic engines to derive interpretable conclusions.

Answer Set Programming (ASP)
LLMs have been combined with ASP to enable declara-
tive, non-monotonic reasoning, where symbolic rules en-
sure logical consistency while natural language inputs are
flexibly interpreted by neural models. e.g., DSR-LM (Zhang
et al. 2023a) integrates differentiable symbolic modules with
frozen LLMs, allowing gradient-based optimization of log-
ical constraints. LLM-ASP (Yang, Ishay, and Lee 2023)
leverages LLMs as few-shot semantic parsers that trans-
form text into atomic facts for ASP solvers, achieving inter-
pretable multi-hop reasoning without retraining. Logot (Li
et al. 2025a) extends this line by letting the model dy-
namically construct and execute logic programs as inter-
mediate thoughts, improving symbolic fidelity in natural-



language reasoning. These approaches reveal how declar-
ative logic programming serves as a stable reasoning sub-
strate for LLMs, combining linguistic flexibility with ex-
plicit symbolic control.

Programming in Logic (Prolog)
Recent studies integrate LLMs with Prolog to perform
predicate-based reasoning, where symbolic rules and facts
enable explicit logical execution via backtracking. e.g.,
Thought-Like-Pro (Tan et al. 2024) introduces a Prolog-
guided self-driven framework that aligns LLM reasoning
traces with verifiable logical proofs. ChatLogic (Wang et al.
2024) combines LLMs with pyDatalog to translate natural
language queries into executable logic programs for multi-
step deductive reasoning. These approaches illustrate how
Prolog-based integration provides a structured backbone that
enhances the rigor and interpretability of LLM reasoning.

Theorem Proving
Theorem proving focuses on integrating LLMs with for-
mal proof systems to establish verifiable logical conclusions
through Automated Theorem Proving (ATP) (e.g., Prover9,
Z3, SMT) or Interactive Theorem Proving (ITP) (e.g., Lean,
Coq, Isabelle/HOL). It enables LLMs to construct, guide,
or verify proofs, bridging natural language reasoning with
machine-checkable formal deduction (see Fig. 5).

Foundation
This part covers general-purpose theorem provers that serve
as the core symbolic engines for formal deduction, where
LLMs assist in proof generation, tactic prediction, or inter-
active verification within ATP or ITP systems such as Lean,
Coq, and SMT.

General-Purpose Theorem Proving. General-purpose
theorem proving integrates LLMs with formal systems to
construct verifiable proofs across diverse logical settings.
For example, Reinforced-LLM (Luo 2025) trains LLMs
through reinforcement learning over Lean tactics, optimiz-
ing next-step prediction via reward feedback. Steering-
LLMs (Kirtania 2025) enhances proof reliability by steering
token generation through prompt-level supervision without
additional training. ProverGen (Qi et al. 2025) links LLMs
with Prover9 to generate FOL-based reasoning data and
evaluate symbolic consistency in natural language proofs.
HybridProver (Hu et al. 2025) combines whole-proof syn-
thesis and tactic-based generation through proof sketch re-
finement, achieving state-of-the-art theorem proving in Is-
abelle/HOL with improved scalability and proof reliability.
These approaches collectively move towards scalable, veri-
fiable, and system-agnostic theorem proving with LLMs.

Math Theorem Proving. Math theorem proving inte-
grates LLMs with symbolic solvers to construct verifiable
proofs for algebraic or inequality reasoning within for-
mal systems. e.g., LIPS (Li et al. 2025b) combines LLM-
generated rewriting tactics with symbolic verification via
CAD and SMT solvers, enabling stepwise proof synthesis
for Olympiad-level inequalities.

Natural Language 
Theorem / Problem

LLM Proof 
Generator

Symbolic Components (ATP/ITP)

◆ Logic Translator (FOL / HOL)
◆ Proof Search Engine (SMT, Lean, etc.)

Feedback & 
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Verified Theorem / 
Proof

Figure 5: Iterative proof refinement of LLM-assisted theo-
rem proving. LLMs generate proof hypotheses from natural
language theorems, guide symbolic solvers in proof search,
and iteratively refine invalid proofs through verifier feedback
until a theorem is verified.

Application
This part primarily focuses on diverse downstream appli-
cations of theorem proving and symbolic reasoning, where
LLMs closely cooperate with solvers for constraint satisfac-
tion, verification, symbolic interfaces, iteration-based rea-
soning, and uncertainty modeling.

SMT & Constraint-based Reasoning. This line of work
employs SMT and constraint solvers to verify logical rela-
tions and structured constraints, where LLMs convert natu-
ral specifications into symbolic forms for solver-based rea-
soning. e.g., SATLM (Ye et al. 2023) translates natural text
into SAT/SMT constraints solved by Z3, reducing planning
and execution errors in CoT reasoning. (Chen et al. 2025)
applies satisfiability checking to string requirements by gen-
erating consistent data-checker pairs for SMT-based valida-
tion. WARP (Koh et al. 2025) formulates worst-case sym-
bolic analysis as constraint solving, enabling robustness and
generalization across boundary conditions. These methods
strengthen logical reliability and extend symbolic verifica-
tion to structured and adversarial settings.

Autoformalization. Recent works couple LLMs with
symbolic solvers to ensure the faithfulness of reasoning
and enable verifiable inference beyond textual chains. e.g.,
Logic-LM (Pan et al. 2023) formulates natural-language
logical problems into symbolic representations (e.g., FOL,
CSP, SAT) and delegates inference to external solvers such
as Prover9 and Z3, with a self-refinement loop that lever-
ages solver feedback to iteratively correct symbolic er-
rors. LINC (Olausson et al. 2023) reformulates the prob-
lem space in symbolic FOL formulas and employs major-
ity voting to ensure syntactic and semantic validity. Don’t
Trust (Zhou et al. 2024) applies autoformalization for quan-
titative reasoning by translating LLM-generated solutions
into Isabelle/HOL proofs, verifying them through theorem
proving rather than majority voting to filter unfaithful rea-
soning. These highlight a shift from heuristic textual reason-
ing to formally verifiable computation, showing that sym-
bolic verification can transform LLM reasoning into a prov-
ably consistent and trustworthy process.

Symbolic CoT & Interface. This direction focuses on in-
corporating symbolic representations or communication in-
terface mechanisms into the reasoning process of LLMs, ei-



ther by embedding symbolic logic within CoT or enabling
structured interaction between LLMs and external symbolic
modules to achieve more faithful and verifiable reasoning.
e.g., SymbCoT (Xu et al. 2024c) embeds symbolic expres-
sions into CoT to realize faithful and verifiable logical rea-
soning within LLMs. Similarly, CoS (Hu et al. 2024) adopts
chain-of-symbol prompting to express spatial relations and
enhance multi-step geometric reasoning. Graph-CoT (Jin
et al. 2024) performs iterative reasoning on text-attributed
graphs by alternating LLM reasoning and graph function
chain execution. BINDER (Cheng et al. 2023) builds a
neural–symbolic interface linking programming languages
with LM API calls for executable and interpretable reason-
ing. Symbol-LLM (Xu et al. 2024b) further unifies symbol-
centric communication between LLM reasoning and vari-
ous symbolic forms. These studies reveal that formalizing
or externalizing reasoning steps through symbolic structures
substantially improves the faithfulness and interpretability
of LLM-based reasoning.

Iteration-based Reasoning. Iteration-based reasoning es-
tablishes a closed collaboration loop between LLMs and ex-
ternal provers or proof assistants, enabling models to receive
feedback from compilers or solvers for iterative refinement
and repair. e.g., ToRA (Gou et al. 2024) interleaves lan-
guage reasoning with symbolic solvers over multiple rounds.
APOLLO (Ospanov, Farnia, and Yousefzadeh 2025) enables
Lean-based proof repair, where compiler feedback and mod-
ular agents iteratively fix and revalidate proofs with reduced
sampling cost. These systems demonstrate that integrating
formal tool feedback substantially enhances the reliability
of LLM-based theorem proving.

Uncertainty Reasoning. Uncertainty reasoning addresses
situations where input information or logical premises are
incomplete, ambiguous, or probabilistic. Instead of produc-
ing deterministic conclusions, these methods estimate belief
distributions and propagate uncertainty through the reason-
ing process. e.g., BLInD (Nafar, Venable, and Kordjamshidi
2025) focuses on Bayesian reasoning over uncertain text
with generative LLMs. It designs three prompt strategies to
map to symbolic solvers, enabling probabilistic conclusions
under incomplete or conflicting evidence.

Neuro-Symbolic Integration
Neuro-symbolic integration focuses on unifying neural rep-
resentation learning with symbolic reasoning, as shown in
Fig. 6. It enables LLMs to effectively combine statistical
generalization with logical structure, bridging continuous
embeddings and discrete logic through coordinated or end-
to-end learning mechanisms.

Representation-Level
Representation-level integration aligns continuous embed-
dings with symbolic constraints, allowing LLMs to inter-
nalize logic-consistent structures without relying on explicit
solvers. e.g., NLEP (Zhang et al. 2024) embeds symbolic
programs within the latent space of LLMs to enable unified
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Figure 6: Hierarchical structure of Neuro-Symbolic Integra-
tion, bridging neural representations and symbolic reasoning
toward interpretable reasoning.

neural–symbolic reasoning. VERUS-LM (Callewaert, Van-
develde, and Vennekens 2025) builds a two-phase frame-
work integrating LLMs with an extended FOL engine (IDP-
Z3) for versatile logical reasoning. LoCo (Calanzone, Teso,
and Vergari 2025) enforces logical consistency in LLMs
via a semantic loss derived from weighted model count-
ing. These approaches bridge the gap between continuous
and symbolic spaces, promoting logically faithful and inter-
pretable reasoning within LLMs.

Learning-Level
Learning-level integration enables LLMs to improve sym-
bolic reasoning through autonomous self-training and in-
ternal feedback without external supervision. e.g., ENVI-
SIONS (Xu et al. 2024a) develops an environment-guided
self-training loop that refines reasoning via self-exploration,
self-correction, and self-rewarding. LLMSymbolic (Fang
et al. 2024) views LLMs as implicit neurosymbolic reason-
ers, aligning neural representations with symbolic inference
through iterative self-distillation. These approaches show
that symbolic reasoning ability can emerge through self-
evolution rather than external supervision.

Knowledge-Level
Knowledge-level integration combines neural reasoning
with explicit causal, ontological, or knowledge-graph struc-
tures, aiming to enhance interpretability and traceable rea-
soning. e.g., CaRing (Yang et al. 2025) builds a Prolog-
based framework where LLMs generate logical rules and
symbolic solvers ensure causal and verifiable proofs. SymBa
(Lee and Hwang 2025) employs symbolic backward chain-
ing, letting a solver manage proofs while invoking LLMs
only when additional information is required. SymAgent
(Liu et al. 2025) develops a self-learning agent that inte-
grates neural reasoning with symbolic rule induction for
knowledge-graph reasoning. LeSR (He, Yu, and Wang 2025)
combines LLM-generated rules with symbolic reasoning to
enhance reliability and interpretability in knowledge base
completion. These collectively emphasize causality, com-
pleteness, and reliable symbolic grounding in complex rea-
soning, bridging natural language understanding with struc-
tured knowledge reasoning.

Special Domain Integration
This part focuses on task-oriented frameworks where LLMs
incorporate symbolic reasoning into specialized domains



such as medicine, science, and law to enhance reasoning in-
terpretability and reliability.

Medical. Neuro-symbolic approaches in the medical do-
main combine LLMs with symbolic knowledge bases and
reasoning rules to support interpretable diagnosis and clin-
ical decision-making. e.g., (Shekhar et al. 2023) couples
symbolic reasoning with LLM-based temporal modeling
to interpret longitudinal patient records and ensure con-
sistency across heterogeneous clinical narratives. (Zhang
et al. 2023b) integrates automated medical concept extrac-
tion with ontology-based symbolic reasoning for explain-
able recommendations. Together, these works illustrate how
neuro-symbolic integration enhances reliability and trans-
parency in medical understanding and decision support.

Others. Neuro-symbolic reasoning has also been ex-
tended to domains such as law and hardware engineering,
where LLMs must reconcile natural-language understand-
ing with formal symbolic constraints. e.g, In legal reason-
ing, (Kant et al. 2025) (Kant et al. 2025) pairs LLMs with
Prolog to encode insurance contracts as computable rules
for consistent, auditable decisions. In engineering optimiza-
tion, SymRTLO (Wang et al. 2025) adds a neuron-inspired
symbolic module for register-transfer-level (RTL) optimiza-
tion, guiding LLM-generated code under logic constraints
for correctness and efficiency. Together, these works show
that symbolic integration enhances both reasoning trans-
parency and domain reliability across diverse applications
beyond traditional text understanding.

Task-Specific
This section reviews how LLMs can tailor symbolic rea-
soning workflows for task-specific domains, such as action
planning, program synthesis, and tabular reasoning, high-
lighting their application-driven innovations and specialized
design considerations.

Planning and Search-guided Reasoning
Planning and search-guided reasoning focuses on integrat-
ing LLMs with symbolic planners and search algorithms for
structured, multi-step reasoning (see Fig. 7). In particular,
planning refers to action planning, a core paradigm in em-
bodied intelligence where LLMs collaborate with symbolic
systems to generate, verify, and execute robot actions under
logical constraints.

Action Planning. LLM-symbolic planning methods cou-
ple language-driven goal understanding with formal sym-
bolic planning to achieve long-horizon, verifiable task gen-
eration. Across works, LLMs translate natural-language
instructions into structured planning representations (e.g.,
PDDL files, action schemas, or symbolic constraints), while
external planners search for optimal action sequences. This
hybrid design retains LLM semantic flexibility and symbolic
soundness. e.g., LLM+P (Liu et al. 2023) converts task de-
scriptions into PDDL and uses a classical planner for op-
timal plans, then translates them back to language, achiev-
ing zero-shot planning without fine-tuning. SPC (Chiu et al.
2023) combines symbolic planning with code generation
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Planner

Final Plan

Generate PDDL
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move (A, B) → 
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Figure 7: The general pipelines of action planning (top)
and search-based reasoning (bottom), illustrating how LLMs
generate symbolic plans or guide symbolic search processes.

for grounded dialogue, where LLMs generate Python ac-
tions and a symbolic planner selects goal-directed responses.
LLM-DM (Guan et al. 2023) constructs and utilizes LLM-
based world models to simulate state transitions for model-
based task planning. Planning in the Dark (Huang, Lipovet-
zky, and Cohn 2025) builds a diverse action-schema library
and semantic filter to eliminate expert intervention in LLM-
symbolic planning. SPG (Kalithasan et al. 2025) integrates
neuro-symbolic programmatic representations to generalize
planning over inductive spatial concepts. PSALM (Zhu et al.
2025) infers action semantics from environment feedback,
learning symbolic pre/post-conditions for planners without
manual domain files. InstructFlow (Chi et al. 2025) em-
ploys a symbolic constraint-guided multi-agent flow for
adaptive code generation and long-horizon plan repair. To-
gether, these methods progress from LLM-generated sym-
bolic plans to feedback-driven constraint-guided reasoning,
marking the evolution from language-to-symbol translation
toward adaptive symbolic execution in LLM-based action
planning.

Search-based Reasoning. LLM-symbolic reasoning with
search algorithms leverages structured exploration to re-
fine multi-step reasoning trajectories. By integrating Monte
Carlo Tree Search (MCTS) and other symbolic search
paradigms, these methods allow LLMs to plan, evaluate,
and verify intermediate reasoning steps rather than relying
solely on sequential text generation. e.g, HiAR-ICL (Wu
et al. 2024) employs MCTS to construct high-level rea-
soning strategies (“thought cards”) for adaptive in-context
learning. Symbolic ReAct (Tan et al. 2025) integrates sym-
bolic supervision into MCTS to align reasoning trajectories
with logical consistency. Together, these works demonstrate
that search-guided symbolic control can systematically im-
prove reasoning reliability, bridging structured exploration
and LLM-based generation.

Program Synthesis
Program synthesis focuses on enabling LLMs to generate
executable programs that satisfy symbolic specifications or
logical constraints. By combining neural generation with
symbolic verification, LLMs can produce code or expres-
sions that are both semantically correct and formally sound.
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Figure 8: LLM Symbolic Reasoning over tabular data, where
LLMs translate tabular data and natural queries into sym-
bolic language (e.g., SQL) executed by symbolic engines for
verifiable answers.

Math. LLM symbolic reasoning in mathematics aims to
bridge natural-language understanding with formal sym-
bolic computation. These methods translate math problems
into executable equations or programs and employ exter-
nal solvers for precise calculation and verification. e.g.,
(Gaur and Saunshi 2023) and (He-Yueya et al. 2023) lever-
age symbolic templates and solvers (e.g., SymPy) to en-
sure accurate equation generation and solution verification.
PoT (Chen et al. 2023) separates reasoning from computa-
tion by letting LLMs produce executable Python programs.
SYRELM (Dutta et al. 2024) reinforces compact models to
invoke solvers efficiently through formal-language transla-
tion. Math2Sym (Nguyen et al. 2024) integrates symbolic
formalization, execution, and explanation into a unified
LLM–solver pipeline. These methods strengthen symbolic-
assisted mathematical reasoning from equation parsing to-
ward executable and verifiable solver-guided computation.

General-Purpose Programming Code. LLM-symbolic
reasoning for general-purpose programming combines
natural-language reasoning with executable program synthe-
sis, allowing LLMs to delegate precise computation to exter-
nal interpreters. e.g, PAL (Gao et al. 2023) enables LLMs to
generate Python functions as intermediate reasoning steps,
which are executed by a symbolic interpreter for final an-
swers. By converting reasoning into executable programs,
PAL achieves deterministic and verifiable results beyond
text-only reasoning.

Tabular Reasoning
Recent studies enhance LLM reasoning on tabular data (i.e.,
table) by introducing an explicit symbolic layer (e.g., SQL
or relational transformation) for structured and verifiable
computation (see Fig. 8). All methods combine LLM-driven
symbolic operations with neural reasoning, improving con-
sistency and interpretability. e.g., NormTab (Nahid and
Rafiei 2024a) performs LLM-guided normalization to unify
table schemas and values, improving reasoning consistency.
TabSQLify (Nahid and Rafiei 2024b) adopts SQL-based
symbolic execution, decomposing large tables into sub-
tables for interpretable reasoning. RelationalCoder (Dong
et al. 2025) transforms tables via programmatic relational
code, enabling procedural symbolic reasoning. TabFormer
(Dong, Hu, and Cao 2025) uses reinforced relational trans-
formations to jointly optimize normalization and reasoning
accuracy. Together, they illustrate a unified trend: integrating
symbolic representation and execution into LLM reasoning
pipelines for structured, scalable table understanding.

Dedicated Benchmark and Environment
Dedicated benchmarks and environments form the founda-
tion for evaluating LLM-symbolic reasoning, overcoming
the limits of generic reasoning datasets by enabling solver-
aware, formally grounded, and verifiable assessment.

Dedicated Benchmark
To enable systematic evaluation and data support for this
emerging direction, several works have introduced bench-
marks that provide standardized datasets for assessing
LLM–symbolic reasoning across tasks such as theorem
proving, logic programming, and program synthesis. FO-
LIO (Han et al. 2024) provides a first-order logic anno-
tated benchmark for natural language reasoning, where con-
clusions are formally verified via an FOL inference en-
gine to assess the reasoning ability of LLMs. (Ghosh et al.
2025) constructs three datasets (i.e., FreebaseLFC, NEL-
LLFC, and WikiLFC) to evaluate the logical consistency of
LLMs in fact-checking through logically equivalent and in-
verse queries.

Dedicated Environment
Establishing dedicated environments for LLM–symbolic
reasoning is essential to enable controllable execution, sys-
tematic verification, and reproducible evaluation. LeanDojo
(Yang et al. 2023) provides a large-scale interactive environ-
ment for Lean theorem proving, integrating proof retrieval,
tactic generation, and kernel-level verification to support re-
liable LLM–solver interaction. Reasoning Core (Lacombe,
Quesnel, and Sileo 2025) provides a scalable RL environ-
ment with verifiable rewards, procedurally generating sym-
bolic reasoning tasks with external solver verification for
rigorous LLM reasoning evaluation.

Challenges and Discussions
Despite rapid progress, LLM symbolic reasoning remains
fragmented and lacks unified design principles. We discuss
key challenges and corresponding future directions for its
further advancement in this section.

Prompt Design. Effective symbolic reasoning heavily de-
pends on how prompts define the interaction between LLMs
and solvers. Ambiguous or poorly structured prompts can
break logical consistency or produce invalid symbolic forms
(e.g., DSR-LM (Zhang et al. 2023a)). Future research should
explore adaptive and feedback-driven prompting strategies
that encode symbolic constraints and stabilize reasoning
across solver types (e.g., LLM-ASP (Yang, Ishay, and Lee
2023), BINDER (Cheng et al. 2023)).

Syntax Correction. LLM-generated symbolic expres-
sions frequently contain syntactic or structural errors that
prevent solver execution and verification. Ensuring well-
formed outputs requires grammar-constrained decoding
(e.g., SymbCoT (Xu et al. 2024c)), syntax-aware training
objectives, and dynamic correction guided by formal parsers
(e.g., Math2Sym (Nguyen et al. 2024)). Developing the ro-
bust syntax enforcement mechanisms remains a key chal-



lenge for executable and verifiable reasoning (e.g., Lean-
Dojo (Yang et al. 2023)).

Lack of Symbolic Knowledge Acquisition. Most current
approaches assume LLMs can directly map natural language
to formal logic, restricting reasoning to domains with pre-
defined or well-structured symbolic systems (e.g., Symb-
CoT (Xu et al. 2024c)). In many real-world cases, how-
ever, such symbolic foundations are absent or incomplete
(e.g., AutoDSL (Shi et al. 2024)). Future work should enable
LLMs to autonomously construct symbolic systems, such as
DSLs, from unstructured data, allowing formal reasoning in
domains lacking predefined symbolic foundations.

Architectural Coherence. Most existing frameworks are
loosely coupled pipelines rather than end-to-end sys-
tems. Symbolic modules are often appended to pretrained
LLMs without shared objectives or consistent intermedi-
ate states (e.g., SymbCoT (Xu et al. 2024c)). Future archi-
tectures should support differentiable or policy-based co-
ordination between neural and symbolic components (e.g.,
BINDER (Cheng et al. 2023)), allowing mutual supervi-
sion and adaptive reasoning control (see also Reasoning-
Core (Lacombe, Quesnel, and Sileo 2025)).

Representation Alignment. LLMs encode meaning in
continuous embedding spaces, whereas symbolic solvers op-
erate over discrete and explicitly structured forms. This fun-
damental gap makes it difficult to ensure that neural repre-
sentations faithfully correspond to symbolic entities and log-
ical relations. Future research should explore richer hybrid
representations, such as symbolic latent spaces, structure-
aware embeddings, or bidirectional mapping modules, that
preserve both formal soundness and semantic generalization
(e.g., NLEP (Zhang et al. 2024), LoCo (Calanzone, Teso,
and Vergari 2025)). Achieving such alignment across these
representational modalities will be key to reliable LLM sym-
bolic reasoning.

Learning under Sparse Supervision. Symbolic reason-
ing tasks often involve discrete decision spaces and sparse
supervision signals, where only a few intermediate steps
yield verifiable rewards. These approaches rely heavily on
handcrafted data, few-shot examples, or synthetic reasoning
traces. To overcome these limitations, future work may in-
tegrate reinforcement learning with solver feedback (e.g.,
LLMSymbolic (Fang et al. 2024)), self-verifying training
loops (e.g., ENVISIONS (Xu et al. 2024a)), or curriculum-
style task synthesis, enabling LLMs to efficiently acquire
symbolic reasoning capabilities with minimal supervision.

Evaluation Consistency. The lack of standardized evalu-
ation protocols makes it difficult to compare symbolic rea-
soning systems across domains and solver types. Existing
benchmarks differ in problem formulation, metric definition,
and reasoning granularity (e.g., FOLIO (Han et al. 2024)),
often emphasizing linguistic correctness while overlooking
formal validity or proof coherence. A unified evaluation
framework which incorporates both symbolic executability
and reasoning trace consistency (e.g., Logic-LM (Pan et al.
2023)), will be essential for reproducible progress. Develop-

ing large-scale, solver-interactive benchmarks could further
quantify the fidelity and robustness of LLM-based symbolic
reasoning (see also LFC (Ghosh et al. 2025)).

Cognitive Grounding and Interpretability. Despite
growing integration with formal logic, the connection be-
tween symbolic reasoning and human cognitive abstrac-
tion remains largely unexplored. Current systems often treat
solvers as external modules, without internalizing symbolic
structure within the model’s own reasoning process. Fu-
ture research should investigate cognitively grounded frame-
works where LLMs can emulate the compositional, hier-
archical (e.g., SymBa (Lee and Hwang 2025)), and causal
aspects of human reasoning (e.g., CaRing (Yang et al.
2025)). Such integration may lead to more interpretable and
cognitively aligned symbolic reasoning systems (see also
LeSR (He, Yu, and Wang 2025)).

Conclusion and Limitation
This survey provides a unified synthesis of LLM sym-
bolic reasoning from a progressive perspective that con-
nects mechanisms to applications. It systematically catego-
rizes existing research into the following aspects: funda-
mental symbolic formalization, logic programming, theo-
rem proving, neuro-symbolic integration, practical planning
and search-guided reasoning, program synthesis, and tabular
reasoning. By linking the rigor and verifiability of symbolic
reasoning with the expressive flexibility of language models,
this work elucidates how verifiable and reliable reasoning
can be achieved across domains such as mathematics, pro-
gramming, and healthcare. Moreover, it highlights that the
growing trend of embedding symbolic reasoning principles
into LLM architectures marks a promising step toward trust-
worthy and cognitively grounded intelligence. Finally, we
discuss potential challenges and possible future directions
for advancing the development of LLM symbolic reasoning.

Limitation. Owing to space constraints, this survey in-
cludes only representative works and omits detailed pre-
liminaries, assuming readers have basic knowledge of sym-
bolic reasoning and formal systems. We focus primarily
on solver-centric paradigms and illustrative examples rather
than exhaustive coverage. Moreover, systematic compar-
isons across symbolic paradigms remain limited due to
varying environments and evaluation criteria. Future re-
search should develop unified benchmarks and reproducible
toolchains that enable fairer empirical assessment. Despite
these limitations, we anticipate continued progress in unify-
ing logic, learning, and cognition, advancing symbolic rea-
soning toward generalizable and verifiable intelligence.

Ethical Statement
This study provides a comprehensive and in-depth survey
of existing literature on LLM symbolic reasoning. No new
models, human subjects, deployment in real-world systems,
or sensitive information were involved. We hope this work
can serve as a reliable reference for future research while
encouraging ethical and interpretable AI systems. Therefore,
this work does not raise ethical or societal concerns.
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