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ARTICLE INFO ABSTRACT

Keywords: Neuro-symbolic Al synergizes neural networks’ pattern recognition with symbolic reasoning’s logical structure,
Neuro-symbolic Al addressing fundamental limitations each paradigm exhibits independently. This systematic survey analyzes 178
Al agents papers (2020-November 2025) using PRISMA methodology, establishing a comprehensive taxonomy across

Symbolic reasoning
Neural networks
Explainability
Meta-cognition

architectural configurations (single-agent, multi-agent) and integration dimensions: knowledge representation
(44%), learning and inference (63%), logic and reasoning (35%), explainability and trustworthiness (28%), and
meta-cognition (5%). We identify critical research imbalances, meta-cognitive capabilities remain severely un-

Learning and inference
Knowledge representation
Logic and reasoning
Trustworthiness

derexplored despite demonstrating greater performance impact than sophisticated integration patterns alone.
Through architectural analysis spanning sequential, parallel, end-to-end differentiable, and unified represen-
tation approaches, we examine prominent systems (Agent Q, GoalAct, AlphaGeometry, Reflexion, MetaGPT)
and evaluate their effectiveness across robotics, natural language processing, autonomous vehicles, healthcare,
and education domains. Performance comparisons reveal consistent neuro-symbolic superiority: 23% improve-
ment in robotic task completion, 95.4% autonomous navigation success versus 18.6% neural baselines, and
order-of-magnitude reductions in sample complexity. We expose persistent challenges—reproducibility barri-
ers, weak generalization, scalability constraints, symbol grounding difficulties—and propose structured solutions
through TRAP-inspired meta-cognitive frameworks, standardized evaluation protocols, and hierarchical agentic

architectures balancing symbolic decomposition with neural adaptability.

1. Introduction

Al has experienced cyclical growth and decline—AI summers and
winters [1]. Currently in the third AI summer, we witness signifi-
cant deep learning advances and renewed interest in integrating neural
approaches with symbolic reasoning [2,3]. Al agents—autonomous soft-
ware programs [4]—perceive environments, reason, plan, and execute
actions effectively [5-8]. Recent advances (2024-2025) enable agents
to coordinate in multi-agent environments, maintain long-term con-
text through narrative memory, and employ refined chain-of-thought
prompting with external tools [9-11].

Despite impressive capabilities, neural and symbolic approaches face
fundamental limitations independently. Neural methods excel at pattern
recognition and adaptation but lack interpretability, struggle with sys-
tematic reasoning, and require extensive training data [12,13]. Symbolic
approaches offer explicit rule-based reasoning and transparency but
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demonstrate brittleness in uncertain environments and limited learn-
ing capabilities [14]. These complementary strengths suggest a natural
synergy through neuro-symbolic AL

Neuro-symbolic AI agents combine neural networks’ flexibility with
symbolic reasoning’s logical structure and interpretability, creating sys-
tems that learn from data while maintaining explainable decisions. This
integration addresses key questions: How can neuro-symbolic agents
ground abstract symbolic representations in real-world sensory data?
How can neuro-symbolic systems improve generalization to novel tasks
beyond training distributions? What strategies ensure transparent, in-
terpretable reasoning processes? How can neuro-symbolic models learn
robustly from small or sparse datasets? These questions motivate our
comprehensive analysis of architectures, integration patterns, and de-
ployment strategies that enable effective neural-symbolic synergy.

Our main contributions are: (1) The first comprehensive survey
on neuro-symbolic Al agents, reviewing 178 papers (2020-November
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\begin {equation}\label {ieq1} \begin {aligned} M &= \text {Monitor}(S, O, f_O) \\ f_O' &= \text {Control}(f_O, M) \end {aligned}\end {equation}
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$D_{\text {source}} \rightarrow D_{\text {target}}$


\begin {align}&Z_{\text {neural}} = f_{\text {neural}}(X) \nonumber \\ &Y = f_{\text {symbolic}}(Z_{\text {neural}})\label {ieq3}\end {align}
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\begin {align}&Z_{\text {symbolic}} = f_{\text {symbolic}}(X) \nonumber \\ &Y = f_{\text {neural}}(Z_{\text {symbolic}})\label {ieq4}\end {align}


\begin {align}&Z_{\text {neural}} = f_{\text {neural}}(X) \nonumber \\ &Z_{\text {symbolic}} = f_{\text {symbolic}}(X) \nonumber \\ &Y = g(Z_{\text {neural}}, Z_{\text {symbolic}})\label {ieq5}\end {align}


$g$


$g(Z_{\text {neural}}, Z_{\text {symbolic}}) = \alpha Z_{\text {neural}} + (1-\alpha ) Z_{\text {symbolic}}$


$g(Z_{\text {neural}}, Z_{\text {symbolic}}) = Z_{\text {neural}} \odot \mathbb {I}[Z_{\text {symbolic}}]$


$g(Z_{\text {neural}}, Z_{\text {symbolic}}) = h_{\theta }([Z_{\text {neural}}, Z_{\text {symbolic}}])$


\begin {equation}\label {ieq6} \begin {aligned} Y &= f_{\text {neuro-symbolic}}(X) \\ &= f_{\text {neural}}^{(n)} \circ f_{\text {diff-symbolic}}^{(n-1)} \circ \ldots \circ f_{\text {neural}}^{(1)}(X) \end {aligned}\end {equation}


$f_{\text {diff-symbolic}}$


\begin {equation}\label {ieq7} \begin {aligned} &\text {AND}_{\tau }(a, b) = \sigma \left (\frac {a + b - 1}{\tau }\right ) \\ &\text {OR}_{\tau }(a, b) = \sigma \left (\frac {a + b}{\tau }\right ) \\ &\text {NOT}_{\tau }(a) = 1 - a \end {aligned}\end {equation}
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\begin {equation}\label {ieq8} \frac {\partial \mathcal {L}}{\partial \theta _{\text {neural}}} = \frac {\partial \mathcal {L}}{\partial Y} \cdot \frac {\partial Y}{\partial f_{\text {diff-symbolic}}} \cdot \frac {\partial f_{\text {diff-symbolic}}}{\partial \theta _{\text {neural}}}\end {equation}


$\mathcal {L}$


$\theta _{\text {neural}}$


$c$
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\begin {equation}\label {ieq9} E(c, x) = \sum _{v_i \in V_c} E_{\text {base}}(v_i, x) + \sum _{e_j \in E_c} E_{\text {rel}}(e_j, x)\end {equation}
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\begin {equation}\label {ieq10} p(c|x) = \frac {\exp (-E(c, x))}{\sum _{c' \in \mathcal {C}} \exp (-E(c', x))}\end {equation}


$\mathcal {C}$


\begin {equation}\label {ieq11} c_{\text {new}} = \text {Compose}(c_1, c_2, \ldots , c_k; R)\end {equation}


$R$


$\{c_1, \ldots , c_k\}$


$F$


\begin {equation}\label {ieq12} s^* = {\textrm {arg,\, max}}_{s \in F} N(s)\end {equation}
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\begin {equation}\label {ieq13} \text {Successors}(s) = \{s' | s \xrightarrow {a} s', a \in \mathcal {A}(s)\}\end {equation}


$\mathcal {A}(s)$
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\begin {equation}\label {ieq14} \text {Efficiency} = \frac {|\text {States}_{\text {exhaustive}}|}{|\text {States}_{\text {neural-guided}}|}\end {equation}


$g$


$f_{\theta }$


\begin {equation}\label {ieq15} g_T(f_{\theta }(x), \theta ) = \text {Explain}(f_{\theta }(x), \theta , \mathcal {K}_{\text {domain}})\end {equation}


$\mathcal {K}_{\text {domain}}$


\begin {equation}\label {ieq16} \begin {aligned} \text {Score}_T = \mathbb {E}_{x \sim \mathcal {D}} \big [\text {Fidelity}(g_T) \times \text {Comprehend}(g_T) \times \text {Complete}(g_T)\big ] \end {aligned}\end {equation}


\begin {equation}\label {ieq17} g_R(\theta , \mathcal {H}) = \text {Assess}(\text {Inferences}(\theta ), \mathcal {H})\end {equation}
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\begin {equation}\label {ieq18} \text {Score}_R = \frac {|\text {ValidInferences}|}{|\text {TotalInferences}|} \times (1 - \text {ContradictionRate})\end {equation}


\begin {equation}\label {ieq19} g_A(f_{\theta }(x), \theta , \mathcal {E}) = \text {Diagnose}(\mathcal {E}, \theta ) \oplus \text {Prescribe}(\mathcal {E}, \theta )\end {equation}
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\begin {equation}\label {ieq20} f'_{\theta '}(x) = \text {Apply}(f_{\theta }(x), g_A(f_{\theta }(x), \theta , \mathcal {E}))\end {equation}


\begin {equation}\label {ieq21} \theta ' = \theta + \eta \cdot \Delta \theta _{g_A}\end {equation}


\begin {equation}\label {ieq22} g_P(x, \mathcal {C}) = \text {Confidence}(x, \mathcal {C}) \times \text {Grounding}(x, \mathcal {K}_{\text {world}})\end {equation}
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\begin {equation}\label {ieq23} \alpha _{\text {attend}} = \begin {cases} 1 & \text {if } g_P(x, \mathcal {C}) > \tau _P \\ \text {sigmoid}(w \cdot g_P(x, \mathcal {C})) & \text {otherwise} \end {cases}\end {equation}


\begin {equation}\label {ieq24} M_{\text {TRAP}}(s, o, f_O) = \begin {bmatrix} g_T(f_O(s), \theta ) \\ g_R(\theta , \mathcal {H}) \\ g_A(f_O(s), \theta , \mathcal {E}) \\ g_P(o, \mathcal {C}) \end {bmatrix}\end {equation}
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\begin {equation}\label {ieq25} \pi _{\text {TRAP}}(s_t) = {\textrm {arg,\,max}}_{p \in \mathcal {P}} \sum _{i \in \{T,R,A,P\}} w_i \cdot \text {Utility}_i(p, M_{\text {TRAP}}(s_t))\end {equation}


$\mathcal {P} = \{\text {Sequential, Parallel, E2E, Unified}\}$


\begin {align}\text {Utility}_T(p, M) &= \mathbb {I}[\text {HasTrace}(p)] \cdot g_T(M)\label {autoeq:1}\\ \text {Utility}_R(p, M) &= \text {LogicalConsist}(p) \cdot g_R(M)\label {autoeq:2}\\ \text {Utility}_A(p, M) &= \text {Flexibility}(p) \cdot g_A(M)\label {autoeq:3}\\ \text {Utility}_P(p, M) &= \text {GroundQuality}(p) \cdot g_P(M)\label {autoeq:4}\end {align}


\begin {align}\text {Utility}_T(p, M) &= \mathbb {I}[\text {HasTrace}(p)] \cdot g_T(M)\label {autoeq:1}\\ \text {Utility}_R(p, M) &= \text {LogicalConsist}(p) \cdot g_R(M)\label {autoeq:2}\\ \text {Utility}_A(p, M) &= \text {Flexibility}(p) \cdot g_A(M)\label {autoeq:3}\\ \text {Utility}_P(p, M) &= \text {GroundQuality}(p) \cdot g_P(M)\label {autoeq:4}\end {align}


\begin {align}\text {Utility}_T(p, M) &= \mathbb {I}[\text {HasTrace}(p)] \cdot g_T(M)\label {autoeq:1}\\ \text {Utility}_R(p, M) &= \text {LogicalConsist}(p) \cdot g_R(M)\label {autoeq:2}\\ \text {Utility}_A(p, M) &= \text {Flexibility}(p) \cdot g_A(M)\label {autoeq:3}\\ \text {Utility}_P(p, M) &= \text {GroundQuality}(p) \cdot g_P(M)\label {autoeq:4}\end {align}


\begin {align}\text {Utility}_T(p, M) &= \mathbb {I}[\text {HasTrace}(p)] \cdot g_T(M)\label {autoeq:1}\\ \text {Utility}_R(p, M) &= \text {LogicalConsist}(p) \cdot g_R(M)\label {autoeq:2}\\ \text {Utility}_A(p, M) &= \text {Flexibility}(p) \cdot g_A(M)\label {autoeq:3}\\ \text {Utility}_P(p, M) &= \text {GroundQuality}(p) \cdot g_P(M)\label {autoeq:4}\end {align}


\begin {equation}\label {ieq26} g_i^{\text {ext}}(x, f) = \alpha _i \cdot g_i^{\text {internal}}(x, f) + (1-\alpha _i) \cdot V_i^{\text {external}}(x)\end {equation}
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\begin {equation}\label {ieq27} \alpha _i(t+1) = \alpha _i(t) + \beta \cdot \text {Agreement}(g_i^{\text {internal}}, V_i^{\text {external}})\end {equation}


\begin {equation}\label {ieq28} \Delta \theta _t = \alpha \cdot \nabla _{\theta } \mathcal {L}_{\text {task}}(x_t, y_t) + \beta \cdot \nabla _{\theta } \mathcal {L}_{\text {meta}}(M_{\text {TRAP}}, \theta _t)\end {equation}


\begin {equation}\label {ieq29} \mathcal {L}_{\text {meta}}(M, \theta ) = \sum _{i \in \{T,R,A,P\}} \lambda _i \| g_i(M) - g_i^{\text {target}} \|^2 + \gamma \cdot \mathcal {L}_{\text {coherence}}(M)\end {equation}
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2025) using rigorous PRISMA methodology; (2) A novel taxonomy
encompassing architectural configurations (single vs. multi-agent, ver-
tical vs. horizontal) and integration strategies (sequential, parallel,
end-to-end differentiable, unified representation); (3) Systematic per-
formance analysis demonstrating neuro-symbolic advantages across
diverse domains with quantitative comparisons; (4) Identification of crit-
ical research gaps, particularly meta-cognition (5%) and explainability
(28%); (5) Structured open challenges and future directions addressing
benchmarking consistency, integration strategies, and meta-cognitive
capabilities via frameworks like TRAP.

1.1. Survey methodology

We employed the PRISMA methodology [15] ensuring a compre-
hensive, and rigorous review. Fig. 1 illustrates our systematic selection
process maintaining breadth and depth while capturing emerging neuro-
symbolic Al agent trends.

1.1.1. Search strategy

Google Scholar, and ScienceDirect, combining “neurosymbolic” OR

”

“neuro-symbolic” with agent-related terms (“agent”, “multi-agent”, “au-
tonomous system”) and integration approaches (“reasoning”, “learning”,
“knowledge representation”, “explainability”, “meta-cognition”). The
initial search yielded 1428 papers from January 2020 to November

2025.

1.1.2. Inclusion and exclusion criteria

We focused on English-language papers including peer-reviewed
journal articles, conference papers, book chapters, and highly-cited
arXiv preprints containing relevant advances. While we prioritize peer-
reviewed publications, we selectively include influential arXiv preprints
that demonstrate significant architectural innovations, have catalyzed
follow-on research, or provide unique empirical insights not yet avail-
able in the peer-reviewed literature (e.g., Agent Q’s MCTS-guided
web navigation [16], GITM’s text-based Minecraft agent [17]). We
acknowledge that such preprints have not undergone formal peer review

Identification

Records identified from databases:
IEEE Xplore, ACM Digital Library,
Springer Link, arXiv, and Google Scholar
(n =1428)

l

Screening

Records screened by title and abstract Duplicates removed

(n=641)
(n=787) T

l

Eligibility

Records excluded:

Did not meet initial

Full-text articles assessed for eligibility Falévarica critaria

(n=395)
(n=392) I

l

Included

Articles excluded:

- Not addressing both
neurosymbolic integration
and agent architectures
- Lacking technical detail

Papers included in review

(n =178)

(n =225)

Fig. 1. PRISMA flow diagram for paper selection, identifying 1428 initial
records, ultimately including 178 papers meeting all neuro-symbolic Al agent
research criteria (2020-November 2025).
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and may contain limitations identified during review processes; notably,
several included preprints have been submitted to top-tier Al venues
(e.g., NeurIPS, ICLR, AAAI) with acceptance rates below 25%, have in-
corporated reviewer feedback in revised arXiv versions, or are currently
under review in subsequent submission cycles. Papers must explicitly
address both neuro-symbolic integration and agent architectures, pro-
viding empirical results or theoretical frameworks. We excluded papers
focusing exclusively on neural or symbolic approaches without integra-
tion, those not addressing agent-based systems, surveys without original
contributions, and works lacking sufficient technical detail.

1.1.3. Selection process

After removing 641 duplicates, 787 papers underwent title/abstract
screening, yielding 392 candidates. Full-text review reduced this to 178
papers meeting all criteria, as shown in Fig. 1.

1.1.4. Data extraction and analysis

From each paper, we extracted bibliographic information, system
architecture, primary research focus, application domains, evalua-
tion methods, limitations, reproducibility status, and identified failure
modes. Papers were categorized according to our taxonomy and an-
alyzed quantitatively and qualitatively to identify trends, gaps, and
limitations.

1.2. Paper organization

Section 2 provides background on Al agents, symbolic Al, neural
approaches, and neuro-symbolic integration. Section 3 presents our com-
prehensive taxonomy. Section 5 analyzes architectural components and
prominent systems. Sections 4 through 11 present applications, method-
ologies, performance analysis, and evaluation methods. Section 10
explores meta-cognition. Section 12 presents the AlphaGeometry case
study. Sections 13-15 discuss open challenges, future directions, and
conclusions.

2. Background and definitions

This section familiarizes readers with the integration of neural
and symbolic components within Al agent architectures, outlining key
characteristics and limitations grounding their integration.

Al agents are autonomous software entities perceiving environments,
making decisions, and taking actions to achieve goals [8]. Key charac-
teristics include autonomy (operating without intervention), reactivity
(responding to changes), proactivity (goal-directed behavior), and social
ability (interacting with agents/humans) [18]. Agent evolution pro-
gressed from simple reflex agents acting on current percepts to learning
agents adapting through experience. Recent advances have produced
sophisticated agents based on large language models [6], multimodal
systems [7,19], and embodied agents [20] capable of complex planning
and reasoning, as illustrated in Fig. 2.

2.1. Symbolic AI

Symbolic Al represents knowledge through explicit symbols and
rules [21], founded on the Physical Symbol System Hypothesis posit-
ing human cognition models through symbol manipulation [22,23]. Key
characteristics include explicit knowledge representation, logical rea-
soning, transparency, and modularity. While symbolic systems excel
in interpretability and structured reasoning, they struggle with uncer-
tainty, unstructured data, and adapting to novel situations. Traditional
symbolic approaches continue offering advantages in constrained envi-
ronments prioritizing computational efficiency, formal verification, or
explicit rule-based reasoning [24-26].

2.2. Neural approaches

Neural approaches derive representations implicitly from data, ex-
celling in pattern recognition and adaptation. Characterized by data-
driven learning, distributed information representation across network
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Fig. 2. Evolution of Al agent architectures from simple reflex agents to learning agents with increased reasoning capabilities.

weights, adaptability to varying conditions, and powerful pattern recog-
nition [27,28]. Despite their strengths, neural systems face challenges in
systematic reasoning, explicit knowledge representation, and decision-
making interpretability, which are particularly problematic in domains
requiring formal logical inference or transparent justification.

2.3. Neuro-symbolic integration

Neuro-symbolic Al merges neural and symbolic paradigm strengths
[29], creating hybrid systems that combine neural network flexibil-
ity and pattern recognition with symbolic reasoning’s logical structure
and interpretability. Integration is motivated by dual-process reasoning
theories [30,31] distinguishing System 1 (intuitive) versus System 2 (de-
liberative) thinking [32], supported by recent meta-analyses [33] and
computational models [34]. Integrated learning cycles combine neural
pattern recognition with symbolic knowledge representation [29], while
modular design patterns [35] provide computational frameworks for im-
plementing dual processes. Cognitive architectures like Soar [36,37] and
ACT-R [38] demonstrate the realization of hybrid processing.

2.4. Agentic AI recent advances

Recent research (2024-2025) extended traditional neuro-symbolic
approaches developing agentic Al frameworks—autonomous systems
proactively designing workflows and coordinating multiple agents for
complex tasks. Innovations like narrative memory for long-term con-
textual reasoning [39,40] enable agents to maintain coherent under-
standing across temporally distant events. Refined chain-of-thought
prompting improved agents’ capacity to utilize external tools and co-
ordinate workflows. These developments underscore neuro-symbolic
integration’s critical role in enabling truly agentic behavior, as neither
purely neural nor symbolic approaches easily achieve this combination
of flexibility and structured persistence.

3. Taxonomy of neurosymbolic Al agents

Based on systematic literature analysis, we propose a comprehensive
taxonomy considering both architectural configurations and integration
approaches, as illustrated in Fig. 3.

3.1. Architectural configurations

Neuro-symbolic agent architectures are broadly categorized as
single-agent or multi-agent systems. Single-agent systems integrate
neural and symbolic components for independent task performance,
representing 65% of reviewed papers. These are subdivided by integra-
tion patterns: Sequential coupling operates modules in sequence, as in
ReAct [41] and Reflexion [42], providing clear separation but risking
information loss at boundaries [43]. Parallel coupling processes in-
puts concurrently, combining outputs for rapid pattern recognition and

Table 1
Key capabilities across major neuro-symbolic agent frameworks.

Framework Auton. Meta- Tool Symb. Neural Explainability

cog. Int. Reason. Learn.
AgentQ [16] v X v v v v
GoalAct [48] v X v v v X
AlphaGeometry [49] X X X v v v
Reflexion [42] X v X X v v
MetaGPT [50] v X v X v v
TRAP [51] v v X v v v

structured reasoning, handling uncertainty well but potentially intro-
ducing conflicts. End-to-end differentiable architectures embed symbolic
operations within differentiable networks, facilitating gradient-based
optimization, as in Logic Tensor Networks [44,45] and Neural Theorem
Provers [46]. Zero-shot concept learning systems like ZeroC [47] enable
novel concept recognition through symbolic graph integration with
neural energy-based models.

Table 1 summarizes key capabilities across major neuro-symbolic
frameworks, showing varying support for autonomy, meta-cognition,
tool integration, symbolic reasoning, neural learning, and explainability.

Multi-agent architectures [52-541, comprising 35% of the literature,
address complex tasks through collaboration [55]. Vertical architec-
tures implement hierarchical structures with leader agents coordinating
subordinates, improving task efficiency [56]. Horizontal architectures
operate as egalitarian systems with peer collaboration, exemplified
by AgentVerse [56] and MetaGPT [50]. Hybrid architectures combine
vertical and horizontal elements with dynamic leadership. Emerging dy-
namics emphasize dynamic task allocation and enhanced collaborative
reasoning [57,58] adapting to changing conditions.

3.2. Integration approaches

Neuro-symbolic integration divides into four main approaches.
Knowledge Representation Integration [59] leverages neural enhance-
ments to symbolic knowledge bases, organizing neural representations
per symbolic schemas [60-64]. Recent advances in symbolic knowl-
edge distillation [65] enable the extraction of structured, interpretable
symbolic knowledge from LLMs, complementing knowledge graph in-
tegration by transforming implicit neural representations into explicit
symbolic forms that enhance transparency and reasoning capabilities.
Learning and Inference Integration embeds symbolic reasoning within
neural frameworks, employing differentiable reasoning [66-69], neural-
guided symbolic search (AlphaGeometry [49]), neuro-symbolic program
synthesis [70], and continual learning [71,72]. LINC [73] demonstrates
significant improvements in logical reasoning by integrating formal logic
with neural language understanding.

Explainability and Trustworthiness Integration derives transparent
symbolic explanations from neural decisions [74,75], incorporating
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symbolic constraints during training [76,77]. The CREST framework
[78,79] fosters trust through interpretable processes and bias mitigation
[80]. Meta-Cognitive Integration enables self-monitoring and adaptive
reasoning, though it is severely underexplored (5%).

Our analysis shows Learning and Inference integration dominates
(63%), followed by Knowledge Representation (44%) and Logic and
Reasoning (35%). Explainability and Trustworthiness (28%) and Meta-
Cognitive integration (5%) remain underexplored, as visualized in
Fig. 5. Alternative classification schemes complement our integration-
focused framework. Kautz’s influential taxonomy [1] organizes neuro-
symbolic systems by the level at which neural and symbolic components
interact—from symbolic knowledge compilation into neural networks
to neural guidance of symbolic reasoning—providing an orthogonal
perspective on integration depth and directionality that enriches under-
standing of neuro-symbolic architectures.

3.3. Conceptual overview of integration patterns

Neuro-symbolic integration patterns enable agentic capabilities com-
bining neural flexibility with symbolic structure. Sequential integra-
tion supports autonomy linking neural perception to symbolic action
planning. Parallel integration enhances proactivity processing inputs
concurrently through neural and symbolic pathways. End-to-end differ-
entiable architectures facilitate goal-directed learning, making symbolic
operations trainable through gradient-based optimization. Unified rep-
resentation approaches like ZeroC support generalization mapping sym-
bolic graphs to neural energies [47], and recognizing novel concepts by
composing existing ones. Detailed mathematical formulations appear in
Appendix A.

Table 2 summarizes the taxonomy dimensions for neuro-symbolic Al
agents.

4. Applications and use cases

This section analyzes key application domains showing how neuro-
symbolic systems address limitations in reasoning, knowledge inte-
gration, and explainability. Table 3 provides a granular comparison
of neuro-symbolic systems against traditional baselines, detailing the
specific architectural mechanisms and quantitative performance shifts
observed across these domains.

4.1. Robotics and embodied Al

Robotic systems require perceptual understanding of unstruc-
tured environments and structured reasoning for task planning.

_,| Neuro-syml N
Program Synthesis

Integration
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Fig. 3. Comprehensive taxonomy of neuro-symbolic Al agents, considering architectural configurations and integration approaches.

Summary of taxonomy dimensions for neuro-symbolic Al agents.

Dimension

Categories/
Sub-categories

Representative examples/
References

Architectural Configurations

Single-Agent

Sequential (ReAct [41], Reflexion

[42]), Parallel, End-to-End
Differentiable (Logic Tensor
Networks [44]), Zero-shot (ZeroC
[471)

Vertical [56], Horizontal
(AgentVerse [56], MetaGPT

[501), Hybrid, Emerging Dynamics

Multi-Agent

[57,58]
Integration Approaches Knowledge Neural-enhanced symbolic knowl-

Representation edge (SymAgent [59]), knowledge
graphs [60], concept learners [61]

Learning & Differentiable reasoning

Inference [66,67], Neural-guided search
(AlphaGeometry [49]), LINC [73]

Explainability =~ Symbolic explanations [74],

& Trust Constrained learning [76], CREST
[78]

Meta- Reflexion [42], TRAP [51],

Cognitive Adaptive selection [81]

Neuro-symbolic approaches enable robots to interpret ambiguous in-
structions, decompose high-level goals, and adapt plans when encoun-
tering obstacles [84]. Studies show approximately 23% higher success
rates in complex manipulation tasks compared to purely neural or sym-
bolic methods [85]. Despite progress, most systems are evaluated in
controlled environments with limited variability. The symbol ground-
ing problem—connecting abstract symbols to real-world perceptions—
remains challenging, particularly with novel objects [86].

4.2. Natural language processing

NLP systems must bridge unstructured language with structured
reasoning, maintain factual consistency, and provide transparent
explanations. ReAct [41] demonstrates how neuro-symbolic integra-
tion reduces hallucination rates (6% vs. 14%) and improves multi-
hop reasoning accuracy by combining neural language understanding
with structured reasoning traces. LINC [73] achieves 75.3% + 2.1%
accuracy on the FOLIO benchmark, compared to 74.8% for pure neu-
ral approaches, by combining neural language models with symbolic
logical verification. However, even LINC struggles with disordered
premises and distractors, suggesting brittleness when facing input
variability.
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Table 3
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Analysis of neuro-symbolic performance gains. Metrics are grounded in specific experimental contexts (e.g., human
studies, oracle guidance) to ensure accurate comparison.

Domain Task & benchmark Architecture Mechanism of gain Performance shift
Robotics Embodied reasoning ReAct Sparse “thoughts” de- Success Rate (All): 37%
(ALFWorld simulator) (Reasoning + compose goals and (BUTLER, IL) - 71%
Acting) track subgoals over long (ReAct, best of 6) [41]
horizons [41]
NLP Multi-hop QA ReAct External retrieval reduces Hallucinated Reasoning:
(HotpotQA) (+ Wikipedia unsupported reason- 14% (CoT) — 6% (ReAct,
API) ing traces and grounds human study of 50
facts [41] cases) [41]
Healthcare Diabetes diagnosis LNN (Logical Learnable weights Accuracy (Test Split):
(Pima Indians Dataset) Neural Net) on logical rules cap- 76.95% (Random Forest)
ture multi-factor risk — 80.52% (LNN) [82]
pathways [82]
Education Advanced math NEOLAF (Neuro- “System 2” symbolic Accuracy (PoC
(15 AIME problems) symbolic agent) solvers guided by “System Study): 7% (GPT-4)
1” LLM planning [83] — 80% (NEOLAF with
Oracle) [83]
Web Ops Online shopping ReAct (Sparse Reasoning bridges noisy Success Rate: 30.1%
(WebShop) Reasoning) page observations and (Act-only) — 40.0%

action selection [41]

(ReAct) [41]

4.3. Proactive reasoning in neuro-symbolic agents

Proactive reasoning—anticipating future needs and acting in
advance—is essential for agentic behavior. Chain-of-Thought (CoT)
prompting [87,88] guides neural models in generating intermediate rea-
soning steps, effectively injecting symbolic scaffolds. Tree of Thoughts
[89] enables systematic reasoning branch exploration, while Self-
Consistency [90] leverages ensemble generation. Internal simulations
and world models enhance proactive reasoning by incorporating mental
environment representations that anticipate outcomes. Emerging appli-
cations of world models extend to telecommunications, where agentic
systems employ generative state-space reasoning for network manage-
ment [91], demonstrating the generalizability of proactive reasoning
paradigms across diverse domains. Metacognitive loops provide another
mechanism by periodically evaluating progress against goals. These
loops typically implement symbolic verification routines that check neu-
ral output coherence against predefined constraints, aligning with “slow
thinking” strategies [92,93].

4.4. Decision support systems

In healthcare, neuro-symbolic systems reduce diagnostic errors while
providing interpretable explanations thereby increasing clinician trust.
The CREST framework [78] enhances trustworthiness through consis-
tency, reliability, explainability, and safety integration, incorporating
clinical guidelines as symbolic constraints guiding neural pattern recog-
nition. Despite these advantages, clinical simulation benchmarks like
AgentClinic reveal challenges including limited simulation fidelity, sub-
jective evaluation metrics, and a lack of longitudinal data integration
[94].

4.5. Autonomous vehicles

Autonomous driving requires rapid perception and guaranteed safety
properties. Perception systems combine neural object detection with
symbolic scene understanding. Planning frameworks integrate neural
trajectory prediction with rule-based safety verification, enabling flexi-
ble traffic adaptation while ensuring compliance. Recent work demon-
strates a 43% safety violation reduction compared to purely neural
methods [51]. However, systems face challenges in extreme scenarios

not considered during design, with symbolic components relying on
hand-crafted rules that do not cover all edge cases.

4.6. Education and training

Educational AI must adapt to individual learning patterns while
maintaining pedagogical structure. Neuro-symbolic tutoring agents per-
sonalize experiences through: modeling student knowledge using sym-
bolic knowledge graphs; adapting teaching strategies based on neural
predictions; providing structured feedback connecting performance to
specific concepts. Studies show significantly higher learning gains with
neuro-symbolic tutoring [83,95,96]. However, effectiveness depends
heavily on the quality of knowledge representation, often requiring
domain expert input.

5. Neuro-symbolic agent architectures and components

This section analyzes how different neuro-symbolic architectural ap-
proaches compare in performance and address limitations in reasoning,
knowledge integration, and explainability. Building on our taxonomy,
we examine key architectural components and prominent systems.

5.1. Symbolic task planners and planning-focused architectures

Symbolic task planners decompose high-level goals into actionable
subtasks, enhancing goal-directedness. Techniques like PDDL [97,98]
and hierarchical task networks [99] provide structured planning frame-
works, as in AutoGPT+P [100], supporting robotic task execution.
GoalAct employs hierarchical planning requiring thoughtful domain
expansion. While symbolic components provide structure, they may re-
quire domain-specific adaptation limiting generalizability. Nevertheless,
symbolic planning integration with neural execution achieves approxi-
mately a 23% improvement in robotic task completion [85].

5.2. Neural semantic parsers and language interpretation

Neural semantic parsers bridge natural language and symbolic rep-
resentations, supporting proactive reasoning. Toolformer [101] enables
agents to self-supervise external symbolic tool use, grounding language
in executable actions. LINC achieves 75.3% + 2.1% accuracy on the

FOLIO benchmark using StarCoder+, compared to 74.8% for pure

Downloaded for personal academic use. All rights reserved. https://papernode.online/


https://ballisticcomainvitation.com/t2e548yr3v?key=403e8f291d0b160c8210d10a973a50a9

S.B. Hakim, M. Adil, A. Velasquez et al.

neural approaches [73]. However, even LINC struggles with linguis-
tic complexities, performing poorly with distractors or disorder. These
limitations align with broader findings on transformer compositionality
limits, where agents face “capability cliffs” on complex multi-step tasks
[102].

5.3. Hierarchical planning and goal management

Goal-directedness is fundamental to agentic Al. GoalAct [48] exem-
plifies neuro-symbolic integration for goal-directed behavior through its
LLM-based framework explicitly maintaining global plans and decom-
posing tasks hierarchically. GoalAct continuously updates the symbolic
global goal state representation guiding the skill hierarchy, and reducing
planning complexity through symbolic decomposition combined with
neural execution. LegalAgentBench evaluations demonstrate a 95.06%
success rate versus 93.33% for Plan-and-Solve [48].

Hierarchical Language Agent (HLA) [103] implements a cognitive
architecture splitting processing into “Slow Mind” (powerful LLM) for
high-level intent reasoning, “Fast Mind” (lightweight model) for gener-
ating macro-actions, and “Executor” (symbolic/reactive policy) for low-
level actions. In cooperative games, HLA agents achieved approximately
50% higher scores than the baselines.

Ghost in the Minecraft (GITM) [17] demonstrates symbolic goal de-
composition power in open-world environments. GITM became the first
agent to obtain all 262 items in Minecraft’s tech tree, achieving 95% suc-
cess on the ObtainDiamond task versus baselines managing only 10%,
3%, and 20% [17]. However, GITM operates in a text-based simulation
avoiding visual perception challenges, which raises questions about its
performance in the actual game environment.

5.4. Neuro-symbolic executors and action-focused architectures

Neuro-symbolic executors implement environmental actions, com-
bining neural perception with symbolic reasoning. The ReAct framework
[41] alternates between reasoning steps and action execution in struc-
tured cycles, as shown in Fig. 4. ReWoo [104] offers an alternative by
decoupling reasoning from observation.

Reflexion [42] extends this architecture incorporating structured
self-reflection. However, reliance on LLM self-critique can lead to hallu-
cinated feedback, particularly in long-horizon tasks. Its sliding window
memory approach limits the ability to leverage insights from earlier
experiences [105].

5.5. Autonomy in neuro-symbolic agents

Agent Q [16] demonstrates how neural-guided symbolic search
dramatically enhances autonomy through Monte Carlo Tree Search
(MCTS) combined with neural self-critique and reinforcement learn-
ing. OpenTable evaluations show Agent Q boosted performance from
18.6% (zero-shot) to 81.7% after training, further to 95.4% with MCTS

Reason

Neural model se-
lects action

Symbolic state rep-
resentation up-
dated

Action executed in
environment

Fig. 4. Simplified ReAct cycle integrating symbolic reasoning and neural adapt-
ability for iterative agentic behavior.

Environment feed-
back received
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integration [16]. Despite impressive results, Agent Q struggles with
generalizing to novel web tasks unseen during training. AgentGen
[106] addresses scalability by automating diverse planning environment
generation.

StarPO framework [107] addresses training instability by optimiz-
ing complete decision trajectories, mitigating “Echo Trap” where agents
are stuck in self-repeating loops. AlphaEvolve [108] pushes autonomy
toward recursive self-improvement through evolutionary coding with
agents autonomously discovering algorithms.

5.6. Memory architectures for agentic Al

Memory integration combines short-term neural scratchpads with
long-term symbolic memory structures. GITM [17] incorporates a sym-
bolic memory buffer storing successful plans retrievable and adaptable
for new tasks, storing up to N=5 successful action sequences summa-
rized into canonical plans. Recent narrative memory integration [39,40]
has enhanced context maintenance through structured mechanisms or-
ganizing episodic information. Retrieval-Augmented Generation (RAG)
techniques [109] and their associated benchmarks [110] further en-
hance memory access.

Effective memory architectures differentiate between: Episodic mem-
ory recording specific events with symbolic structure [111]; Semantic
memory storing general knowledge in knowledge graphs; Working mem-
ory functioning as a short-term scratchpad. By integrating these memory
types, neuro-symbolic agents maintain coherence over extended inter-
actions.

5.7. Zero-shot concept learning architectures

ZeroC [47] implements a unified neuro-symbolic framework dramat-
ically improving generalization. This architecture represents concepts
as symbolic graphs mapping to neural energy-based models. Key in-
novation: new concepts are acquired and recognized at inference time
by composing existing concepts according to symbolic descriptions,
without additional training. This enables exceptional generalization
correctly identifying novel visual concepts based solely on symbolic
descriptions.

5.8. Multi-agent neuro-symbolic frameworks

Multi-agent neuro-symbolic frameworks organize specialized agents
collaborating on complex tasks [53,54]. AgentVerse [56] implements
a horizontal architecture with a four-stage workflow: recruitment, col-
laborative decision-making, independent action execution, and evalu-
ation. MetaGPT [50] addresses communication inefficiencies through
structured information sharing via a shared environment.

AutoGen [112] enables structured agent collaboration through con-
versational protocols [55], allowing multiple LLM-based agents to co-
ordinate on complex tasks. The CAMEL framework [113] leverages
role-playing and “inception prompting” facilitating autonomous co-
operation. MetaGPT integrates Standard Operating Procedures (SOPs)
into agent prompts, guiding specialized agents to collaborate through
structured processes. CulturePark [114] demonstrated how symbolic
personas shape emergent agent behaviors in cross-cultural interactions.

5.8.1. Social coordination and ethical challenges

SOTOPIA [115] highlights challenges in multi-agent coordination
and ethical alignment. LLM-based agents underperform humans in com-
plex social scenarios, revealing gaps that compromise performance and
interpretability. Symbolic interaction protocols provide a promising so-
lution by defining social norms that constrain neural agents [116].
The BNE-Q framework ensures ethical behavior by validating actions
against predefined norms. These approaches underscore the neuro-
symbolic framework needs managing social dynamics and ethical risks.
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Effective collaboration relies on structured mechanisms integrating neu-
ral and symbolic components through message passing with defined
information access rights [50,56,117].

5.9. Formal decision-making frameworks

Formal decision-making frameworks provide mathematical founda-
tions for agent behavior under uncertainty. The BNE-Q framework [118]
combines Bayesian Nash Equilibrium concepts with multi-agent LLM
reasoning, modeling collaborative reasoning as Dec-POMDP. Through
iterative optimization, the system converges to consistent joint deci-
sions satisfying equilibrium constraints. This demonstrates complemen-
tary neuro-symbolic integration advantages: neural components provide
flexible reasoning while symbolic Bayesian networks provide formal
convergence guarantees.

In centralized training with decentralized execution (CTDE) ap-
proaches, LLM-based coordination addresses scalability challenges
[119]. These systems use large language models to coordinate agents by
providing shared plans, effectively reducing the need to learn everything
from scratch.

5.10. Multimodal neuro-symbolic agents

Large Multimodal Agents (LMAs) [7] extend architectures handling
diverse input modalities (vision, audio, touch). These systems inte-
grate neural perception modules for processing multimodal data with
symbolic reasoning frameworks for planning and action execution.
While increasing complexity, this enables agents to operate in dynamic,
multimodal environments more closely resembling the real world.

5.11. Integration patterns and their effectiveness

Table 4 summarizes the strengths and limitations of major integra-
tion patterns. Sequential patterns represent the most common approach
(58%), benefiting from conceptual clarity but facing information loss at
integration boundaries. Parallel integration demonstrates the strongest
performance in uncertain environments but comes with the highest
computational requirements. End-to-end differentiable approaches offer
unified gradient-based optimization but face substantial practical limi-
tations when scaling to complex reasoning tasks due to computational
complexity and semantic preservation challenges. Unified representa-
tion approaches like ZeroC demonstrate exceptional generalization but
remain limited to specific domains.

As Table 5 shows, different integration patterns exhibit varying
capabilities across key performance dimensions.

Meta-cognitive integration, represented by the TRAP framework, of-
fers the most comprehensive capabilities across all dimensions. This
approach adaptively selects and combines integration patterns based

Table 4
Comparison of integration patterns in neuro-symbolic agent architectures.

Integration pattern Strengths Limitations

Information loss at
boundaries; limited

Sequential Neural-
to-Symbolic

Strong in perception-to-
reasoning; clear separation

feedback
Sequential Effective for reasoning- Rigid planning; limited
Symbolic-to-Neural to-generation; logical adaptability

consistency

Robust uncertain en-
vironment handling;
complementary strengths

Parallel Integration Complex integration;

potential conflicts

End-to-End Trainable optimization; Computational complex-

Differentiable gradient-based learning ity; limited symbolic
expressivity

Unified Strong generalization; one- Design complexity; domain

Representation to-one mapping specificity
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Table 5

Integration patterns vs. key outcomes.
Pattern Expl. Samp. Gen. Realtime Multi-Ag.

ability Eff. Adapt. Support

Sequential v X X v X
Parallel v X v v v
End-to-End Diff. X v v X X
Unified Rep. v v v X X
Meta-Cog. (TRAP) v v v v v

Variation in Research Focus on Neurosymbolic AI Agents (2020-2025)
100 ; g g

Research Dimensions
Learning & Inference
Knowledge Representation
Logic & Reasoning
Explainability & Trustworthiness
Meta-Cognition

Proportion of Papers (%)

0 ! H !
2020 2021 2022 2023 2025
Year

Fig. 5. Temporal evolution of neuro-symbolic Al agent research focus
(2020-November 2025) across five dimensions. Percentages represent pro-
portion of 178 papers addressing each dimension (non-exclusive categories):
learning & inference (63%), knowledge representation (44%), logic & reasoning
(35%), explainability & trustworthiness (28%), and meta-cognition (5%).

on task requirements, enabling systems to leverage the appropriate
integration strategy for different task aspects.

6. Results and analysis

This section analyzes the current state of neuro-symbolic Al agent
research, identifying key patterns and evaluating different approaches’
comparative performance.

6.1. Research trends

Our 178 paper analysis revealed significant variation in research
focus from 2020 to November 2025, as Fig. 5 illustrates. Learning
and inference mechanisms receive the most attention (63%), reflecting
the field’s strong focus on developing effective computational mod-
els. Knowledge representation follows as the second most studied area
(44%), highlighting the importance of creating hybrid representations.
Logic and reasoning account for 35%. Explainability and trustworthi-
ness appear in only 28%, revealing a significant gap between technical
capabilities and human-centered considerations. Most strikingly, meta-
cognition appears in just 5%, making it the most underexplored di-
mension despite its potential importance for creating truly autonomous
systems.

Notable temporal patterns include exponential increase in neuro-
symbolic AI agent research since 2020, reflecting growing recognition
of complementary strengths. Growing attention to explainability since
2022 is likely driven by increasing awareness of these properties’
importance for real-world deployment. Meta-cognition research focus
emergence only in 2023 suggests emerging awareness but significant
room.

Intersection analysis revealed some area combinations as well-
explored while others remain largely untapped. Knowledge represen-
tation and learning integration appear in 27%. However, knowledge
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Table 6
Performance comparison of neurosymbolic vs. pure approaches.
Task domain Pure neural Pure Neurosymbolic
symbolic
Geometry Theorem (IMO-AG-30) - 10/30 25/30 problems [49]
problems
Question Answering (HotpotQA 29.4% 25.7% 35.1% [41]
[120] EM)
MNIST Addition (N=1) 97.3% - 97.9% [13]
Logical Reasoning (FOLIO) 74.8% - 75.3% [73]
Robotic Planning (Success Rate) 67.3% 72.8% 83.2% [85]
Goal Management (Success Rate) — - +12.22% [48]
Autonomous Web Navigation 18.6% - 95.4% [16]
Multi-Agent Cooperation Score - - +50% [103]
Hallucination Rate (HotpotQA) 14% - 6% [41]
Memory Efficiency (Plan Reuse) N/A N/A 5 retrieval plans [17]
Sample Efficiency (to 90% Acc.) 10,000+ N/A 100-1000 [61]
Reasoning Transparency (Rating) 1.8/5 4.2/5 4.0/5 [79]

representation and explainability are addressed together in only 4%,
highlighting a critical gap. Notably, only a single paper (AlphaGeometry
[49]) addresses all four main research areas, indicating significant
opportunities for more holistic approaches.

6.2. Performance comparison

Comparative analysis of neuro-symbolic agent performance across
different architectural approaches indicates significant advantages over
purely neural or symbolic approaches, as Table 6 summarizes.

Our performance analysis revealed key findings demonstrating
neuro-symbolic integration advantages. First, neuro-symbolic ap-
proaches consistently outperform both pure neural and pure symbolic
methods across diverse tasks. This pattern holds across domains re-
quiring different capabilities, suggesting integration benefits reflect the
fundamental complementarity between neural and symbolic processing.
Second, the performance advantage is most pronounced in tasks requir-
ing both pattern recognition and structured reasoning, such as geometry
theorem proving and logical reasoning.

Agentic capabilities show particularly dramatic improvements,
demonstrated by Agent Q’s autonomous web navigation performance
improving from 18.6% to 95.4% with neuro-symbolic MCTS integration
[16]. HLA demonstrated 50% higher cooperation scores in multi-agent
tasks [103]. Memory efficiency shows significant gains through struc-
tured symbolic representations, as seen in GITM’s plan reuse capabilities
[17].

In human interaction terms, neuro-symbolic methods achieve com-
parable transparency ratings to pure symbolic approaches (4.0/5 vs.
4.2/5) while maintaining neural methods’ flexibility. Sample efficiency
shows perhaps the most dramatic improvement, with some systems
requiring 1-2 orders of magnitude fewer examples than pure neural
approaches.

Important to note, these performance improvements often come
with trade-offs in computational efficiency and system complexity.
AlphaGeometry solved 25/30 IMO problems representing a dramatic
performance improvement [121], yet faces scaling challenges. Authors
explicitly note “scaling beyond Olympiad geometry remains an open
question” [49].

6.3. Architecture effectiveness analysis

Different architectural approaches demonstrate varying effective-
ness across task types. Single-agent sequential architectures demonstrate
strong performance in well-defined tasks with clear perception-to-action
mappings. However, these may struggle with information loss at in-
tegration boundaries. Multi-agent approaches excel in complex tasks
requiring diverse capabilities and parallel processing [57]. Vertical
architectures show efficiency advantages in hierarchical task decom-
position. Horizontal architectures demonstrate stronger collaborative
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problem-solving in open-ended domains, as shown in AutoGen [112]
and MetaGPT [50].

Hierarchical planning systems like GoalAct [48] and HLA [103]
improve goal management through structured decomposition. Zero-
shot learning architectures like ZeroC [47] demonstrate exceptional
generalization but remain domain-limited. Fast-slow cognitive architec-
tures like Plan-SOFAI [122] exhibit superior adaptability across varying
problem difficulties.

Integration pattern effectiveness varies by task domain. Sequential
patterns demonstrate strong performance in structured tasks. Parallel
integration shows robust uncertain environment handling but with
increased computational requirements. End-to-end differentiable ap-
proaches face practical scaling limitations. These varying effectiveness
profiles highlight the importance of matching architectural choices to
application requirements.

6.4. Lessons learned

Our systematic analysis uncovers significant patterns synthesizing
insights across domains. Integration pattern effectiveness varies substan-
tially by application domain rather than exhibiting uniform advantages.
This challenges the notion of “best” integration approach, suggesting
architectural choices should be guided by specific requirements.

Striking imbalance exists between research attention on single-agent
architectures (65%) compared to multi-agent approaches (35%), despite
the latter showing stronger performance on complex collaborative tasks.
This disproportion likely reflects additional coordination challenges, but
our analysis suggests that performance improvements justify greater
research focus.

Contrary to prevailing assumptions, explicit meta-cognitive capa-
bilities prove more valuable than sophisticated integration patterns in
long-horizon tasks. Systems with even simple self-monitoring mecha-
nisms consistently outperform more complex approaches lacking these
capabilities. This suggests future developments should prioritize meta-
cognitive integration alongside advances in core neural-symbolic pro-
cessing techniques.

6.5. Research gaps

Our analysis identified several critical research gaps limiting
progress. Severe meta-cognitive research underrepresentation [123]
(5%) indicates a major opportunity for advancing self-monitoring and
adaptive reasoning capabilities. Few systems implement comprehen-
sive self-assessment, strategy adaptation, or reflective reasoning es-
sential for autonomous operation [51]. While frameworks like TRAP
[51,124] provide structured approaches, their limited adoption indi-
cates significant implementation gaps. This gap is particularly con-
cerning given our finding that meta-cognitive capabilities often con-
tribute more to complex task performance than sophisticated integration
patterns.

Despite theoretical transparency advantages, explainability research
remains limited (28%). Recent systematic reviews [14,43] indicate that
most neuro-symbolic systems show only medium-low explainability.
The intersection of explainability with other research areas remains
especially sparse, with only 4% addressing both explainability and
knowledge representation.

While various integration approaches exist, standardized method-
ologies for effectively combining neural and symbolic components are
lacking [125]. Few papers address integration quality formal verification
or provide metrics assessing semantic consistency. This methodological
gap makes systematically comparing different integration approaches
difficult.

Standardized benchmarks specifically designed for neuro-symbolic
integration are limited [126]. Metrics assessing integration quality,
cross-component knowledge transfer, and adaptive capabilities remain
underdeveloped. This evaluation gap complicates progress assessment
and makes fair system comparison difficult, as shown in Table 7.
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Methods for scaling neuro-symbolic systems to handle large knowl-
edge bases while maintaining computational efficiency represent
another gap [127]. Few papers address the combinatorial explosion in
reasoning paths or provide efficient updating mechanisms for integrated
representations.

Insufficient work connects formal agentic properties (autonomy,
goal-directedness, proactivity) with neuro-symbolic integration. While
recent advances in Agent Q [16], GoalAct [48], and BNE-Q [118]
demonstrate potential, systematic research remains sparse. Addressing
these gaps requires interdisciplinary approaches combining insights
from cognitive science, formal methods, and human-computer interac-
tion.

7. Practical considerations for deployment
7.1. Computational efficiency and scalability

Computational efficiency represents critical neuro-symbolic Al de-
ployment consideration, as systems must balance neural inferential
demands with symbolic logical processing. Recent analyses demonstrate
precipitous inference cost declines for large language models, with GPT-
3.5-equivalent systems experiencing 280-fold cost reduction from $20
to $0.07 per million tokens over 18 months, representing annual re-
ductions of 9-900x depending on task complexity [128]. However,
advanced reasoning paradigms introduce substantial overhead: Tree
of Thoughts requires 5-100x more generated tokens than Chain-of-
Thought [89], while ReAct necessitates multiple iterative API calls
per decision [41]. Emergent research into “slow thinking” reasoning
[92] demonstrates compute-optimal scaling strategies improving test-
time efficiency by more than 4x, with smaller models using adaptive
inference-time computation outperforming 14x larger models [93].

Neurosymbolic architectures combining neural networks with sym-
bolic search exhibit distinct computational profiles. AlphaGo employed
40 search threads with 48 CPUs and 8 GPUs for single-machine de-
ployment, while competitive configurations utilized 1202 CPUs and 176
GPUs [129]. Training costs reached unprecedented scales, with GPT-4
requiring an estimated $78 million and Gemini Ultra consuming approx-
imately $191 million [130]. A recent systematic review analyzing 167
papers identifies computational complexity as the primary deployment
challenge [14]. Asynchronous execution strategies partially mitigate
costs by parallelizing neural evaluations on GPUs while conducting
symbolic search on CPUs. Empirical evaluations demonstrate hybrid
approaches achieve superhuman performance while evaluating substan-
tially fewer positions—AlphaGo evaluated thousands of times fewer
positions than Deep Blue by selecting positions intelligently through
neural policy networks [129]. These trade-offs suggest neuro-symbolic
architectures are most advantageous where interpretability, logical
consistency, and sample efficiency outweigh increased computational
costs.

8. Challenges and limitations

This section examines how current neuro-symbolic approaches at-
tempt to overcome limitations while identifying remaining challenges.
Despite significant advances, neuro-symbolic Al agents face substantial
hurdles requiring attention.

8.1. Scalability challenges

Knowledge integration scalability remains a fundamental obstacle
as systems expand to handle larger, more complex domains. These sys-
tems face several critical challenges: Knowledge Integration Complexity
escalates poorly as knowledge bases expand, and managing contradic-
tions between learned neural patterns and symbolic constraints becomes
increasingly difficult [131]. Current approaches typically limit the
scope to manageable subdomains or implement hierarchical knowledge
structures, but these strategies often trade generality for tractability.
Computational Resource Requirements are substantial, particularly when
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combining large neural models with complex symbolic reasoning. End-
to-end training requires significant memory for gradient computation
across hybrid architectures [45]. Deployment Constraints present par-
ticular challenges for on-device deployment [132], limiting practical
applications in settings like mobile devices with limited computational
resources.

8.2. Integration complexity

Representation alignment between neural and symbolic components
represents a persistent challenge. This fundamental mismatch cre-
ates difficulties in establishing meaningful correspondences across the
neural-symbolic boundary [125]. Current approaches include neural-
symbolic embeddings [44], concept bottleneck models [133], and
neuro-symbolic concept learners [61], each with specific strengths and
limitations. However, none fully resolves the challenge of creating seam-
less integration, particularly for complex knowledge structures with
many interconnected concepts.

Training and optimization challenges further complicate neuro-
symbolic integration. Symbolic components often introduce non-
differentiable operations complicating gradient-based learning, and cre-
ating discontinuities that standard neural training methods struggle to
navigate. End-to-end optimization requires bridging fundamentally dif-
ferent learning paradigms within a unified framework [13]. Techniques
such as relaxed logical operations, neural theorem proving [134], and
reinforcement learning with symbolic rewards [135] provide partial so-
lutions but require further development to address the full range of
integration challenges.

8.3. Ethical and privacy concerns

Integrating neural and symbolic components creates complex inter-
actions raising significant ethical and privacy concerns. Bias Integration
Complexity arises as neural components may learn biases from train-
ing data, while symbolic rules can either enforce fairness constraints
or encode problematic assumptions [78]. Interaction between these
sources creates dynamics that are difficult to analyze and mitigate.
Emergent Behavior Risks manifest in systems like CulturePark’s cultural
dialogues and SOTOPIA’s social interactions, which may develop unin-
tended biases through agent interactions. Neurosymbolic solutions, such
as symbolic intent verification through BNE-Q’s Bayesian constraints
or explicit ethical rule sets, can constrain neural outputs to align with
human values. Privacy Vulnerabilities are heightened as symbolic compo-
nents may make sensitive information more explicit than purely neural
representations. Integration across domains can lead to unexpected in-
formation leakage through symbolic representations explicitly capturing
sensitive relationships [43].

8.4. Human-agent collaboration challenges

Neurosymbolic approaches present unique challenges and opportu-
nities for human-agent collaboration directly affecting practical utility.
A fundamental issue in collaborative settings is “automation surprise”
problem, where human users are confused by unexpected agent be-
havior. By maintaining symbolic joint activity representations, neuro-
symbolic agents can detect potential misalignments between plans and
human expectations, then use neural components to generate appropri-
ate explanations. This capability is particularly valuable in high-stakes
domains where teams must maintain shared situational awareness. For
example, in healthcare decision support, symbolic diagnostic reasoning
verification identifies when agent conclusions might contradict clin-
ician expectations, prompting detailed explanation generation. This
transparency enhances trust and enables more effective collaboration.

Neural and symbolic components’ complementary strengths create
promising collaboration opportunities. Symbolic components provide
explicit shared goals, plans, and constraints representations, making
agent reasoning transparent. Meanwhile, neural components adapt to
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individual human preferences, communication styles, and expertise lev-
els, creating more natural interaction experiences. This combination
addresses a fundamental challenge: balancing predictability with adapt-
ability creating systems that are both reliable and responsive to human
needs.

Different integration patterns show varying effectiveness for collab-
orative tasks. Sequential integration might offer clearer agent reasoning
explanations, while parallel integration could better handle uncertain
or ambiguous human inputs. Evaluating these trade-offs across domains
with different transparency versus flexibility requirements remains an
important research direction.

8.5. Evaluation and benchmarking limitations

Current neuro-symbolic agent evaluation approaches face significant
limitations hampering progress assessment. Existing benchmarks often
focus exclusively on either neural or symbolic capabilities, rather than
their integration [126], making assessing neuro-symbolic approaches’
added value difficult. Comparative evaluation is complicated by varying
assumptions, while standardized integration quality assessment metrics
remain undeveloped [136]. Furthermore, evaluating long-term adapt-
ability requires extensive resources that are often unavailable in research
settings.

Common benchmarking frameworks exhibit specific weaknesses lim-
iting the utility of neuro-symbolic evaluation. AgentBench lacks multi-
agent coordination and long-term memory assessment capabilities, with
methodology critiques raising concerns about prompt sensitivity [136].
The FOLIO benchmark has a limited scope compared to human rea-
soning capabilities and is prone to memorization rather than genuine
deduction [73]. WildBench features English-only tasks limiting cross-
linguistic evaluation, and faces reproducibility issues due to proprietary
components, and annotation inconsistencies [137]. AgentClinic shows
concerns regarding simulation fidelity and lacks longitudinal data es-
sential for healthcare applications [94]. StrategyQA focuses primarily
on answer accuracy rather than the validity of the reasoning process
[138].

Recent efforts in developing neuro-symbolic-specific benchmarks
[94,137] represent important steps, but require further refinement and
broader adoption. Developing targeted metrics for integration quality,
cross-component knowledge transfer, and adaptive capabilities would
significantly enhance evaluation ability.

8.6. Symbol grounding problem

Symbol grounding problem, connecting abstract symbols with real-
world referents via perception or sensorimotor interaction [86,139],
directly addresses the challenge of grounding symbolic representations
in sensory data. How can we bridge the gap between neural percep-
tion processing continuous, noisy sensory data and symbolic reasoning
operating on discrete representations? This issue is particularly critical
for neuro-symbolic agents in embodied contexts such as robotics and
autonomous vehicles.

As Fig. 6 illustrates, the challenge involves bridging continuous
perceptual inputs and discrete symbolic representations. This fundamen-
tal issue—critically reviewed by Taddeo and Floridi [140]—requires
methods for learning symbol meanings without extensive supervision
[86]. Situated grounding through environmental interaction represents
a promising approach allowing agents to learn symbol meanings through
experience [141], enabling more robust connections that generalize to
novel situations. Contemporary frameworks increasingly address this
through modular design patterns explicitly structuring the interface
between neural perception and symbolic reasoning [35].

8.7. Reproducibility challenges

Neurosymbolic Al agent research faces significant reproducibil-
ity challenges that limit independent verification and slow collective
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like situated grounding.

progress. Systematic evaluation of the 25 most prominent neuro-
symbolic agent systems (2019-2025) revealed a bifurcated reproducibil-
ity landscape strongly correlated with system type and institutional
backing: while framework-oriented works demonstrate strong code
availability (18 of 25 systems, 72%) with public repositories and ba-
sic documentation, only 6 systems (24%) provide pre-trained model
weights, 15 systems (60%) lack explicit hardware requirement docu-
mentation, and 19 systems (76%) depend on external commercial APIs
whose non-deterministic updates fundamentally compromise long-term
parameter-level reproducibility. Even systems with exemplary open-
source practices face substantial barriers—AlphaGeometry [49] pro-
vides complete code and weights yet requires computational resources
to generate nearly 1 billion synthetic training premises, while Reflexion
incurs prohibitive API costs through high token usage when using
commercial language models. Industrial frameworks [49,50,112,115]
exemplify emerging best practices through Docker containerization,
hash-verified dependencies, and comprehensive artifact management,
yet frontier systems [101,108] and theoretical contributions [51] (3
systems with zero code release) represent reproducibility extremes
where verification is either results-only or entirely conceptual. The
dominant reliance on prompt engineering over weight training has fun-
damentally shifted the reproducibility paradigm from “load state dict”
to “replay interaction logs,” necessitating new standards for behav-
ioral reproducibility including frozen prompt templates, logged tool
calls, explicit random seed specifications, and documented computa-
tional costs—infrastructure gaps that currently prevent independent
verification across 48% of surveyed systems despite nominal code avail-
ability. MetaGPT’s requirement for manual SOP design when adapting
workflows and AutoGen’s complex dependencies (which necessitated
AutoGen Studio’s development [112]) further illustrate deployment
challenges that complicate reproduction even when code exists. The re-
search community should prioritize comprehensive artifact releases with
containerized environments, standardized benchmarking protocols, and
transparent documentation of computational requirements to acceler-
ate progress through effective knowledge sharing and collaborative
development.

9. Explainability and trustworthiness

This section examines how neuro-symbolic approaches enhance
transparency and interpretability while maintaining neural flexibility.
Explainability and trustworthiness represent critical yet underexplored
dimensions [43,125], accounting for only 28% of surveyed literature
despite the practical importance.
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9.1. Explainability and trustworthiness mechanisms

Neurosymbolic agents implement various approaches enhancing
explainability and trustworthiness, leveraging symbolic transparency
while maintaining neural adaptability. Symbolic reasoning traces pro-
vide step-by-step decision process explanations, creating interpretable
reasoning path records. ReAct [41] maintains reasoning chains as expla-
nations, while logic-based approaches provide formal proof structures
justifying conclusions. These processes address “black box” pure neural
approaches.

Concept-based explanations ground decisions in human-unders
tandable concepts, bridging neural processing and human comprehen-
sion. Neuro-symbolic concept learners [61] explain decisions using
learned symbolic concepts corresponding to human-interpretable cate-
gories, while compositional explanations decompose complex decisions
into simpler components [74]. By connecting neural processing to sym-
bolic concepts, these approaches generate explanations that align with
human understanding.

Verification and oversight mechanisms ensure system reliability
through explicit checking procedures. Symbolic verification ensures ad-
herence to critical constraints through logical consistency checking,
formal proof generation, and safety property verification, while human-
in-the-loop oversight provides plan verification interfaces and interac-
tive correction mechanisms. These approaches demonstrate improved
alignment with human values.

Integrity-based approaches [79] focus on fostering appropriate trust
considering factors such as consistency, competence, and benevolence.
The CREST framework [78] integrates these considerations generating
explanations tailored to user needs and domain requirements, enhanc-
ing trustworthiness by providing the specific information users need for
evaluating system reliability.

9.2. Limitations in current approaches

Despite advances, neuro-symbolic systems face significant explain-
ability challenges limiting practical high-stakes domain adoption. A
fundamental tension exists between optimizing for task performance and
providing transparent explanations, particularly in complex domains.
Representational gaps between neural representations and symbolic ex-
planations can lead to post-hoc rationalizations rather than faithful
accounts of the actual decision-making process, potentially undermining
trust.

As neuro-symbolic systems tackle increasingly complex tasks, expla-
nation complexity grows substantially, potentially overwhelming users
with excessive detail. Finding the right abstraction level that balances
completeness with comprehensibility remains challenging, requiring
careful consideration of user expertise, time constraints, and specific in-
formation needs [125]. Furthermore, evaluation difficulties complicate
progress assessment by relying heavily on subjective human judgments
of explanation quality. The field lacks standardized metrics for evaluat-
ing explanation fidelity, utility, and user-friendliness, thereby slowing
progress.

9.3. Research opportunities

Significant opportunities remain in advancing neuro-symbolic sys-
tem explainability and trustworthiness. Developing standardized metrics
for evaluating explanation quality across different architectures would
enable a more systematic approach to comparison [126]. These met-
rics could address multiple explanation dimensions, including fidelity
to the decision process, target user comprehensibility, and specific task
usefulness. Investigating the relationship between explainability and ac-
tual trustworthiness through controlled user studies represents another
important direction.

Creating scalable approaches for maintaining explainability in com-
plex reasoning processes with deep integration chains would address
current system critical limitations. Research on abstraction mechanisms,
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hierarchical explanations, and interactive exploration interfaces could
help manage complexity while preserving interpretability. Exploring
domain-specific explanation requirements [142] would enable more ef-
fective specific application explanation design. Developing frameworks
that balance explanation comprehensiveness with cognitive load would
help address the tension between completeness and usability.

Addressing these opportunities could significantly advance neuro-
symbolic system practical deployment in high-stakes domains where
explainability and trustworthiness are paramount. By developing more
effective explanation approaches, researchers enhance neuro-symbolic
system adoption and impact across applications where transparency is
essential for user acceptance and regulatory compliance.

10. Meta-cognition in neurosymbolic Al agents

Meta-cognition—the ability to monitor, evaluate, and adaptively
control cognitive processes—enhances neuro-symbolic system reasoning
[123]. Despite being crucial for human-like intelligence [143], it re-
mains severely underexplored, appearing in only 5% of reviewed papers
[14], even though Section 6.4 findings show that meta-cognitive capa-
bilities often contribute more to performance than sophisticated inte-
gration patterns. This section examines how meta-cognitive capabilities
significantly enhance neuro-symbolic agents’ adaptability, robustness,
and autonomy.

10.1. Theoretical foundations

Meta-cognition in neuro-symbolic AI draws from cognitive sci-
ence perspectives distinguishing between object-level cognition (direct
task processing) and meta-level cognition (monitoring and controlling
object-level processes). Nelson and Narens’ framework [144] distin-
guishes metacognitive monitoring (awareness of knowledge, reasoning
processes, limitations) from metacognitive control (directing cognitive
resources based on monitoring insights), while Ackerman and Thompson
[145] specialize this as meta-reasoning—a critical function monitoring
thoughts determining strategy selection and termination.

Common Model of Cognition (CMC) [146] integrates cognitive archi-
tectures like ACT-R [38], Soar [36], and Sigma, incorporating metacog-
nitive functions through working memory systems (maintaining current
processing awareness), procedural memory for strategy selection (en-
abling adaptive control), declarative memory storing metacognitive
knowledge (about strategies and effectiveness), and learning mech-
anisms modifying these structures based on experience. This model
provides a comprehensive blueprint for implementing meta-cognitive
capabilities by specifying memory structures and processes needed for
effective self-monitoring and adaptation.

10.2. The TRAP framework for meta-cognition

TRAP framework [51], illustrated in Fig. 7, provides a structured
meta-cognition approach in neuro-symbolic AI agents, focusing on
four complementary aspects: Transparency, Reasoning, Adaptation, and
Perception. Transparency involves explicitly representing and explain-
ing the agent internal state and reasoning processes, achieved through
function g(f(x),0), enabling both self-monitoring and communication
with human collaborators. Reasoning encompasses applying logical in-
ference and evaluating the agent’s own performance, represented by
f(x; g(0)), where metacognitive Al incorporates self-reflection into log-
ical processing. Adaptation represents the ability to modify strategies
based on self-evaluation, formally captured as f’(x; g(f(x), 9)), where f’
is the adapted model based on metacognitive assessment. Perception en-
ables detecting environmental or task context changes requiring strategy
adjustments, represented by f(g(x),x), allowing responsive adaptation
to changing conditions.

TRAP framework emphasizes synergy between neural and symbolic
components in meta-cognitive processes, where symbolic components
provide explicit self-monitoring representations while neural compo-
nents enable flexible adaptation across diverse contexts. This integration
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Fig. 7. The TRAP Meta-Cognitive Framework for Neurosymbolic Al Agents, il-
lustrating integration of Transparency, Reasoning, Adaptation, and Perception
components to orchestrate adaptive neuro-symbolic patterns.

occurs through mechanisms like abductive learning for adaptation
and logic-tensor networks for Transparency, creating a comprehensive
system combining complementary paradigm strengths.

10.3. Current approaches and mathematical formulation

Current meta-cognition approaches in neuro-symbolic agents include
reinforcement learning for meta-cognitive policy learning, cognitive
architecture integration for structured metacognitive processes, and
reflective reasoning for self-criticism and adaptation. The Reflexion
framework [42] exemplifies the reflective reasoning approach through
a system with three LLMs serving different functions: Actor (gener-
ates actions), Evaluator (scores performance), and Self-Reflection model
(generates reflections stored in memory). The framework maintains a
sliding-window memory of past reflections prepended to prompts for
future tasks [42], creating a persistent insight record informing future
processing.

These meta-cognitive approaches can be formalized using a two-
level framework distinguishing between object-level and meta-level
processes:

M = Monitor(S, O, fo)

, €))
fo = Control(fo, M)
where S represents state space, O the observation space, and f,
S X O — A maps states and observations to actions. Here, M rep-
resents metacognitive monitoring information, and f/, represents the
modified object-level function after metacognitive control. This formu-
lation captures the hierarchical relationship between monitoring and
control processes enabling self-regulation.

In neuro-symbolic implementations, these functions combine neural

and symbolic components:

M = fr{‘é[ural(s’ 0, fO) o fsl;/[mbolic(S’ 0, fO) (2)
fo =28(fo. M)

where @ represents integration combining neural and symbolic moni-
toring, and g represents a function modifying the object-level process
based on metacognitive insights. Additional mathematical formulations
for TRAP-specific components appear in Appendix B.

10.4. Fundamental challenges in self-assessment

Fundamental difficulty in developing effective LLM-based agent
meta-cognition lies in the bootstrapping problem [147] which limits
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self-assessment reliability. Many frameworks rely on the LLM itself
to perform core meta-cognitive functions: assessing outputs, reflect-
ing on errors, estimating confidence, or generating corrective actions
[105]. Yet LLMs possess weaknesses in these very areas, exhibiting
tendencies, flawed reasoning, poor calibration, and unreliable self-
assessment [105]. This creates a circular dependency where poten-
tially unreliable components construct mechanisms intended to enhance
reliability.

This situation suggests purely LLM-driven internal meta-cognition
might face inherent limitations due to circular reliance. Achieving ro-
bust, trustworthy self-correction likely necessitates grounding the meta-
cognitive process in external verification sources—calls to external tools,
checks against formal symbolic knowledge bases, validation against
real-world feedback, or human oversight integration—rather than re-
lying solely on LLM internal self-assessment. These external grounding
mechanisms provide independent verification breaking self-assessment
circularity, and creating more reliable meta-cognitive capabilities.

10.5. Research opportunities in meta-cognition

Limited meta-cognition exploration in neuro-symbolic agents in-
dicates significant research opportunities. Developing comprehensive
frameworks integrating neural and symbolic metacognitive processes
across different time scales would enable more sophisticated self-
monitoring and adaptation, combining rapid neural assessment with
symbolic reasoning about longer-term patterns. Creating standardized
evaluation metrics assessing metacognitive capabilities [148] and their
overall system performance impact would facilitate more systematic re-
search progress, addressing different meta-cognition aspects including
monitoring accuracy, adaptation effectiveness, and resource allocation
efficiency.

Exploring scalable approaches to metacognitive monitoring in com-
plex reasoning tasks with multiple integration points would address
the current approach key limitation. As reasoning processes grow more
complex, maintaining effective monitoring becomes increasingly chal-
lenging. Research on abstraction mechanisms, hierarchical monitoring,
and focused attention could help manage complexity while maintaining
effective oversight. Investigating methods for transferring metacognitive
knowledge across domains would enhance generalization capabilities,
reducing the need for domain-specific metacognitive learning and en-
abling more rapid adaptation to new domains based on accumulated
experience.

Designing techniques explaining metacognitive decisions to humans
would enhance adaptive system trust by making self-monitoring and
adaptation processes transparent. These explanations help users under-
stand why the system changed its approach or identified potential issues,
enhancing human and adaptive Al system collaboration. Addressing
these opportunities could significantly advance neuro-symbolic agents’
adaptability, robustness, and autonomy, enabling more effective perfor-
mance in complex, dynamic environments.

11. Benchmarking and evaluation

This section examines current benchmarking approaches and pro-
poses improved evaluation methodologies for neuro-symbolic agent
systems. Effective evaluation requires specialized benchmarks and met-
rics assessing both individual capabilities and integrated performance,
beyond traditional evaluations focusing on either neural or symbolic
capabilities in isolation.

11.1. Current benchmarking approaches

Current neuro-symbolic agent evaluation approaches include task-
specific benchmarks assessing particular capabilities (question answer-
ing, knowledge graph completion, theorem proving) and integration-
focused evaluations specifically addressing neuro-symbolic integration.
While task-specific benchmarks often focus on either neural or sym-
bolic capabilities independently, integration-focused benchmarks like

Downloaded for personal academic use. All rights reserved. https://papernode.online/


https://ballisticcomainvitation.com/t2e548yr3v?key=403e8f291d0b160c8210d10a973a50a9

S.B. Hakim, M. Adil, A. Velasquez et al.

AgentBench [136], WildBench [137], and AgentClinic [94] better assess
combined capabilities but remain limited in comprehensively evaluating
the full neuro-symbolic integration spectrum.

Recent additions include benchmarks evaluating agentic capabili-
ties, such as SOTOPIA [115], specifically testing social intelligence and
goal-directed behavior. Addressing the need for deeper diagnostic granu-
larity, RSBench [149] systematically evaluates reasoning shortcuts using
the countrss algorithm verifying concept quality under distributional
shifts. Its empirical evaluation across arithmetic and logic domains
demonstrates that obtaining high-quality concepts remains a significant
challenge for both neural and neuro-symbolic architectures. Similarly,
addressing trustworthiness in retrieval-augmented generation, LibreEval
[150] provides a multilingual dataset of over 70,000 examples specif-
ically designed for scalable hallucination detection. By employing a
consensus labeling approach with multiple LLM judges, it distinguishes
between synthetic and naturally occurring hallucinations, offering a
cost-effective method for benchmarking detection models in production
environments.

Table 7 summarizes major neuro-symbolic AI agent benchmarks and
their key limitations.

11.2. Evaluation metrics

Recent surveys [152] identified the need for standardized ver-
ification and validation approaches in neuro-symbolic Al systems.
Comprehensive evaluation requires metrics addressing multiple neuro-
symbolic agent performance dimensions. Task performance metrics pro-
vide baseline assessments through success rate, efficiency measures,
accuracy, and robustness. While essential, these metrics don’t specifi-
cally address the quality of neuro-symbolic integration or distinguish
between integrated performance and component contributions.

Integration quality metrics specifically evaluate neural-symbolic com-
bination effectiveness through measures of neural-symbolic alignment
(representation consistency), reasoning transparency (decision process
comprehensibility), knowledge transfer between components (informa-
tion flow efficiency), adaptation efficiency (representation modification
ability), and semantic consistency (meaning maintenance across rep-
resentations). These specialized metrics better capture neural-symbolic
advantages but are less standardized and more challenging to implement
consistently.

Agentic capability metrics assess system autonomy (independent op-
eration ability), goal management (objective pursuit effectiveness),
proactivity (problem anticipation), and adaptivity (novel situation

Table 7
Neurosymbolic AI agent benchmarks and their limitations.

Benchmark Focus Key limitations

AgentBench [136] Tool Use and Planning Lacks multi-agent coordination,
long-term memory evaluation
Limited scope versus hu-

man reasoning; prone to

memorization

FOLIO [73] Logical Reasoning

RSBench [149] Concept Quality & Focuses on arithmetic/logic;
Shortcuts limited to specific architectures

LibreEval [150] RAG Hallucination Primarily text-based; relies on
Detection LLM-as-a-Judge consensus

MDS-A [151] Distribution Shift Domain-specific (imagery);
(Aerial) focuses on detection over

reasoning

English-only; reproducibil-
ity issues; annotation
inconsistencies

Poor simulation fidelity;
subjective metrics; lacks
longitudinal data

Focuses on answers, not
reasoning validity

Agents underperform humans
in complex social scenarios

WildBench [137] Real-world User Tasks

AgentClinic [94] Multimodal Clinical

Simulation
StrategyQA [138] Multi-Step Reasoning

SOTOPIA [115] Social Intelligence
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adjustment). These higher-level capabilities often emerge from ef-
fective neuro-symbolic integration but require specialized evaluation
approaches assessing qualities like persistence, flexibility, and goal-
directedness across extended interactions.

Human-centric evaluation complements technical metrics by assess-
ing human expectation alignment through explanation quality, trust
measures, collaboration effectiveness, and value alignment. These eval-
uations provide crucial real-world utility insights but face standard-
ization challenges due to the subjective nature of assessments and the
influence.

11.3. Proposed evaluation framework

Based on our analysis, we propose a comprehensive framework for
evaluating neuro-symbolic Al agents integrating diverse metrics across
multiple evaluation dimensions, and providing a structured approach
for assessing neuro-symbolic agent performance and identifying areas.

This framework, shown in Fig. 8, incorporates three complementary
evaluation dimensions: capability assessment (evaluating foundational
abilities in perception, reasoning, learning, and action execution), in-
tegration evaluation (examining knowledge representation, reasoning
processes, and learning mechanism integration), and human-centered
assessment (evaluating explainability, trustworthiness, and collabora-
tive effectiveness). The framework implements progression from con-
trolled lab evaluations to real-world deployment assessments, providing
a comprehensive picture of agent performance and limitations across
contexts.

NeSy Agents
Evluation
Framework

Human-
Centered
Assessment

Integration
Evaluation

Capability
Assesment

/

Knowledge

f |
| | Explainability |

¥ Perception | Representation
i . Y
) Reasoning A
- Reasoning | PReEass | Trustworthiness |
N | X
Learnin ] Learning ‘ Collaborative
g | Mechanism | Effectiveness |
i . \ e
Action |
g |
Execution

N J

~___

Evaluation
Progression

Lab —» Simulation —
Restricted —» Real-World

Fig. 8. Comprehensive evaluation framework for neuro-symbolic Al agents,
assessing core capabilities, integration quality, and human-centered aspects.
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TRAP-specific meta-cognitive evaluation metrics are provided in
Appendix C, offering specialized assessment methods for systems adopt-
ing the TRAP framework [51].

11.4. Future benchmarking needs

Several critical benchmarking needs must be addressed in advanc-
ing neuro-symbolic agent assessment. The field requires significant
advances in the following areas:

1. Integration-Specific Benchmarks: Standardized benchmarks
specifically designed for evaluating neural-symbolic integration
quality [126] should assess tasks requiring both pattern recogni-
tion and logical reasoning, information transfer between compo-
nents, adaptability under knowledge changes, and reasoning trans-
parency. These benchmarks must go beyond evaluating neural and
symbolic capabilities separately to specifically target integration
effectiveness.

. Standardized Metrics Development: The field urgently needs
standardized neuro-symbolic integration metrics, including quan-
titative neural-symbolic alignment measures, reasoning trans-
parency metrics, metacognitive capability evaluation techniques,
and comparative frameworks for assessing different integration
approaches. Without consistent metrics, meaningful architectural
approach comparisons remain challenging.

3. Adaptability Evaluation Protocols: Evaluation protocols for
adaptability and transfer learning across diverse domains [153]
are essential for understanding neuro-symbolic system perfor-
mance beyond controlled settings. For instance, the MDS-A dataset
[151] characterizes model performance under weather-induced
distribution shifts in aerial imagery using Fréchet Inception
Distance scores to quantify divergence. This approach enables
systematic evaluation of test-time error detection and adapta-
tion strategies, ensuring agents can identify failure points in
safety-critical applications.

4. Agentic Capability Metrics: Comprehensive agentic capability
metrics focusing on autonomy, goal-directedness, proactivity, and
adaptability would significantly enhance evaluation effectiveness.
These metrics should specifically address how well neuro-symbolic
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integration enhances agentic properties compared to purely neural
or purely symbolic approaches.

Addressing these needs will enable more meaningful neuro-symbolic
architecture comparisons and provide clearer future research guidance.

12. Case study: AlphaGeometry

AlphaGeometry [49] demonstrates how neuro-symbolic integration
enhances reasoning capabilities beyond either approach independently
through a neural-guided symbolic search architecture. This case study
examines how AlphaGeometry implements key neuro-symbolic taxon-
omy components and broader implications for neuro-symbolic agent
design.

12.1. Taxonomic analysis

AlphaGeometry implements a single-agent architecture with neural-
guided symbolic search integration, combining neural language models’
pattern recognition capabilities with symbolic theorem proving preci-
sion. The evolved AlphaGeometry2 architecture [154], illustrated in
Fig. 9, extends this foundation with the SKEST framework for parallel
search coordination.

From a taxonomy perspective, AlphaGeometry exemplifies several
key integration patterns. The integration approach follows sequential in-
tegration (neural-to-symbolic) where the neural guide suggests promis-
ing deduction steps that the symbolic prover verifies for mathematical
correctness. The neural-guided symbolic search approach follows a gen-
eral algorithmic pattern enabling efficient exploration of large search
spaces while maintaining formal correctness, as outlined in Algorithm 1.

In this approach, the neural component (N) provides heuristic guid-
ance prioritizing promising search paths, while the symbolic component
(.S) ensures correctness through formal expansion rules. This integration
creates a “best-of-both-worlds” scenario where neural pattern recog-
nition dramatically improves search efficiency without sacrificing the
formal guarantees that symbolic methods provide. The neural-guided
symbolic search pattern represents one of the most successful integra-
tion approaches for complex reasoning tasks requiring both efficiency
and correctness.

SKEST FRAME

Training Data

Neural Guide

TRAINS (LLM)

Aux proposals

Candidate constructions

N\ r N
AUX Symbolic Prover
> (DDAR?2)

. VERIFIED Proof State

Axiomatic rules
Verified Steps

Deduce + verify

J \ J

SHARE

A

RENDER
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Formalize
DSL + Diagram

(IMO Geometry)

Interesting Facts (Shared)
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Fig. 9. AlphaGeometry2 architecture highlighting SKEST: parallel search trees share verified “interesting facts” through a shared knowledge repository, while a neural
guide (LLM) proposes candidate constructions and the DDAR2 symbolic prover verifies correctness. The formalized problem specification feeds both components,

enabling efficient multi-tree search with shared working memory.
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Algorithm 1 Neural-guided symbolic search.

Require: Problem specification P, Neural guidance model N, Symbolic
solver .S
Ensure: Solution to problem P
1: Initialize search state s, based on P
2: Initialize fringe F « {s,}
3: while F not empty do
4:  Select state s from F with highest N(s) (neural evaluation)
5:  Generate candidate next states {s’} using .S (symbolic expansion)
6: for each candidate state s’ do
7 if s’ is a solution then
8
9

return s’
: end if
10: Compute neural evaluation N(s’)
11: Add s’ to F
12:  end for
13: end while
14: return No solution found

The system implements hybrid knowledge representation combin-
ing neural-encoded geometric patterns learned from synthetic examples
with formal symbolic axioms defining Euclidean geometry rules. The
learning mechanism uses self-supervised learning through synthetic
proof generation, demonstrating how symbolic knowledge bootstraps
neural learning even with limited human-created examples. The rea-
soning paradigm implements fast-slow thinking where the neural model
(fast) generates candidate constructions based on pattern recogni-
tion while the symbolic prover (slow) verifies validity through formal
proof.

Building on this foundational pattern, AlphaGeometry2 augments
the neural-guided symbolic loop with SKEST (Shared Knowledge
Enhanced Search Trees): multiple concurrent search trees exchange
verified intermediate “interesting facts” through a shared knowledge
repository (Fig. 9), effectively acting as a shared working memory across
branches. Coupled with the faster DDAR2 prover, this orchestration
improves sample efficiency, curbs redundant exploration, and boosts
end-to-end geometry success on harder IMO instances.

12.2. Limitations and challenges

Despite impressive achievements, AlphaGeometry faces significant
limitations. Domain-specific focus is limited to IMO-style Euclidean
geometry problems, with authors acknowledging “scaling beyond
Olympiad geometry remains an open question” [49]. This highlights
the challenge of creating models that generalize beyond specific train-
ing domains, a recurring issue in neuro-symbolic systems implementing
domain-specific integration approaches.

Training data generation required “nearly 1 billion” premises gen-
erated in parallel, with synthetic proof triples derived via symbolic
traceback [49]. While enabling effective synthetic data learning, this ap-
proach requires significant computational resources and domain exper-
tise, limiting applicability to domains where similar synthetic generation
might be more challenging.

Reproducibility challenges further limit scientific and practical im-
pact. While the official repository provides inference code, reproducing
the complete training pipeline presents significant challenges for re-
searchers with limited computational resources. System reliance on
massive synthetic data generation complicates independent verification
and extension.

Generalization concerns persist despite impressive benchmark per-
formance. Despite solving 25/30 IMO problems (compared to 10/30
for pure symbolic approaches shown in Table 6), questions remain
about the system ability to generalize to different types of mathemat-
ical reasoning or problem formats outside the training distribution.
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This limited generalization represents a common challenge for neuro-
symbolic systems which excel in specific domains but struggle with
capability transfer to new contexts.

12.3. Key insights for neurosymbolic design

AlphaGeometry provides valuable insights for effective neuro-
symbolic agent design. Most significantly, it demonstrates how neu-
ral and symbolic components address each other’s fundamental
limitations—neural guidance improves search efficiency by focusing on
promising directions [155] while symbolic verification ensures correct-
ness and interpretability through formal proofs. This complementarity,
mirroring architectural foundations laid by AlphaGo [129], creates a
system leveraging each approach strengths while mitigating individual
weaknesses.

System effectively preserves explicit domain knowledge (geomet-
ric axioms and theorems) while leveraging implicit patterns learned
by neural components, maintaining both approaches’ advantages. This
integration enables both formal verification and intuitive pattern recog-
nition, combining the reliability of symbolic methods with the flexibility
of neural approaches—a synergy essential for robust complex agent
reasoning [156].

Synthetic data generation approach demonstrates how systems gen-
erate their own training data through symbolic reasoning, enabling
effective neural learning despite limited human-created examples. This
self-supervised approach could generalize to other domains with formal
structure but limited training data, potentially addressing the common
challenge of applying neural methods to specialized domains with scarce
labeled data. The efficacy of synthetic curricula is further validated by
frameworks like AgentGen [106], which automate diverse planning en-
vironment generation enhancing agent capabilities without relying on
human demonstrations.

From an agentic perspective, AlphaGeometry exhibits strong goal-
directedness, employing neural guidance to efficiently explore vast
search spaces while maintaining a focus. This demonstrates how neuro-
symbolic integration enhances purposeful behavior in complex problem-
solving domains by combining neural guidance efficiency with symbolic
verification precision.

12.4. Future directions based on case study

Building on Section 6.5 identified research gaps, AlphaGeometry
suggests several directions for advancing neuro-symbolic agents.
Integrating explicit metacognitive capabilities would enhance the sys-
tem ability to monitor and adjust reasoning strategies based on problem
characteristics, addressing a significant meta-cognitive research gap.
Enhancing explanation capabilities beyond formal proof steps would
improve accessibility and utility for human users through higher-level
conceptual insights explaining proof strategy intuition rather than just
formal derivation steps. These enhanced explanations would make rea-
soning processes more accessible to non-experts and more useful for
educational applications.

Extension to broader domains would demonstrate the generalizabil-
ity of the neural-guided symbolic search approach [70]. By applying
similar integration patterns to other formal domains like program syn-
thesis, logical reasoning, or physics problem solving, researchers could
assess how well this approach generalizes across different structured
problem types. Improved computational efficiency would increase ac-
cessibility and deployment options by reducing the resources required
for training and inference, enabling broader adoption in educational and
research contexts where computational resources may be limited. The
development of automated translation mechanisms between natural lan-
guage problem statements and formal representations would enhance
usability eliminating the need for manual translation.

Creating more autonomous variants identifying interesting problems
rather than only addressing pre-specified challenges would enhance
agentic capabilities. Such systems could actively explore problem
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spaces discovering novel theorems or interesting conjectures rather
than just proving given statements, addressing limited work connecting
neuro-symbolic integration with agentic properties like autonomy and
proactivity.

13. Open challenges

Despite significant advances in neuro-symbolic Al agents, several
critical challenges persist that must be addressed to realize their full
potential. This section identifies key open challenges in an enumerated
fashion, providing a focused discussion of each limitation.

1. Meta-Cognitive Capability Gap: As revealed in Section 6.5 and
Fig. 5, meta-cognition appears in only 5% of reviewed papers
despite evidence from Section 6.4 that meta-cognitive capabili-
ties contribute more to performance than sophisticated integra-
tion patterns alone. Current systems lack comprehensive self-
assessment, strategy adaptation, and reflective reasoning mech-
anisms for autonomous operation in dynamic environments. The
bootstrapping problem described in Section 10.4 compounds this
issue, wherein LLMs’ inherent self-assessment weaknesses create
circular dependencies thereby limiting reliability.

2. Explainability-Integration Disconnect: While neuro-symbolic
systems theoretically offer enhanced interpretability, only 28%
of the surveyed literature addresses explainability as shown in
Table 2. The intersection of explainability with knowledge repre-
sentation appears in merely 4% of papers, indicating a severe gap
in developing representations designed to enhance interpretability
while maintaining neural flexibility. Recent reviews [14,43] con-
firm that most neuro-symbolic systems achieve only medium-low
explainability despite the presence.

3. Scalability and Computational Overhead: Neurosymbolic sys-
tems face substantial computational requirements when combin-
ing large neural models with complex symbolic reasoning. As
detailed in Section 5.1, advanced reasoning paradigms like Tree
of Thoughts require 5-100x more tokens than Chain-of-Thought
[89], while training costs reach $78M for GPT-4 and $191M for
Gemini Ultra [130]. Knowledge integration complexity escalates
significantly as knowledge bases expand, with few approaches
addressing the combinatorial explosion in reasoning paths
[127].

4. Integration Methodology Standardization: The absence of stan-
dardized methodologies for combining neural and symbolic com-
ponents hampers progress [125]. As shown in Tables 4 and 5,
different integration patterns exhibit varying strengths across
dimensions, yet few papers provide metrics assessing seman-
tic consistency between neural and symbolic representations or
formal verification of integration quality. This methodological
gap prevents systematic comparison and principled cross-domain
integration design.

5. Benchmark Inadequacy and Evaluation Gaps: Current bench-
marks inadequately assess neuro-symbolic integration quality, as
documented in Table 7. Most evaluations focus on either neural or
symbolic capabilities in isolation rather than their synergy [126].
AgentBench lacks multi-agent coordination assessment [136],
FOLIO exhibits memorization tendencies [73], and AgentClinic
demonstrates poor simulation fidelity [94]. Metrics for integra-
tion quality, cross-component knowledge transfer, and adaptive
capabilities remain underdeveloped.

6. Symbol Grounding Persistence: Despite modular design ad-
vances [35], connecting abstract symbolic representations to real-
world perceptions remains challenging, particularly for novel
objects in embodied contexts. As illustrated in Fig. 6, bridging con-
tinuous perceptual inputs and discrete symbolic representations
creates fundamental difficulties [86,139]. Most robotic systems
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are evaluated in controlled environments with limited variability,
raising questions about real-world robustness.

7. Domain Generalization Limitations: Systems excelling in spe-
cific domains struggle with transferring capabilities to new con-
texts. AlphaGeometry’s authors acknowledge “scaling beyond
Olympiad geometry remains an open question” [49], while Agent
Q struggles with novel web interfaces unseen during training [16].
Even LINC shows brittleness with disordered premises and dis-
tractors [73], aligning with broader transformer compositionality
limits creating “capability cliffs” [102].

8. Reproducibility Barriers: Significant computational require-
ments create reproducibility barriers limiting independent veri-
fication. AlphaGeometry required nearly 1 billion synthetically
generated premises [49], MetaGPT demands manual SOP design
for new tasks [50], and Reflexion faces high API costs [42]. These
barriers hinder progress by preventing researchers from effectively
building on prior work.

9. Ethical Emergence and Bias Propagation: Integration complex-
ity creates unpredictable interactions raising ethical concerns.
Neural components may learn data biases while symbolic rules
encode assumptions [78], creating dynamics that are difficult to
analyze. Systems like CulturePark and SOTOPIA show emergent
behaviors risking unintended biases [114,115]. Privacy vulner-
abilities are heightened as symbolic components make sensitive
information explicit [43].

10. Agentic Property Formalization Gap: Insufficient work con-
nects formal agentic properties (autonomy, goal-directedness,
proactivity) with neuro-symbolic integration mechanisms. While
frameworks like Agent Q [16], GoalAct [48], and BNE-Q [118]
demonstrate potential, systematic research characterizing how in-
tegration patterns enhance specific agentic capabilities remains
sparse, limiting the principled design of autonomous systems.
Human-Agent Collaboration Complexity: Neurosymbolic sys-
tems present unique collaboration challenges despite transparency
advantages. The “automation surprise” problem persists where
users become confused by unexpected agent behavior. As dis-
cussed in Section 8.4, balancing predictability with adaptability
requires careful integration pattern selection, yet principled guide-
lines for choosing patterns based on collaboration requirements
remain underdeveloped.

Long-Horizon Task Brittleness: Systems struggle to maintain co-
herence across extended interactions despite advances such as
GITM’s memory architecture [17] and narrative memory inte-
gration [39,40]. Reflexion’s sliding window approach limits the
ability to leverage temporally distant insights [105], while StarPO
addresses but doesn’t fully resolve “Echo Trap” phenomena where
agents enter self-repeating loops [107].

11.

12.

These enumerated challenges represent fundamental obstacles re-
quiring a concerted interdisciplinary effort combining insights from cog-
nitive science, formal methods, machine learning, and human-computer
interaction to advance neuro-symbolic agent capabilities toward robust,
trustworthy, autonomous systems.

14. Future research directions

Building on open challenges identified in Section 13, we propose
promising directions for future research that move beyond addressing
current limitations to envision next-generation neuro-symbolic systems
with enhanced capabilities.

14.1. Enhanced integration methodologies

Fundamental neuro-symbolic integration challenges bridge the gap
between neural flexibility and symbolic precision while maintaining
gradient-based optimization. Advances in differentiable programming
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offer promising solutions through differentiable symbolic operation
implementations [67,157] enabling gradient flow through previously
discrete operations. These implementations approximate discrete oper-
ations with continuous alternatives supporting backpropagation while
preserving symbolic semantics, as formalized in Appendix A.

Neural architectures specifically designed to complement symbolic
reasoning could provide another approach to implementing structures
naturally aligning with symbolic representations, including attention
mechanisms focusing on symbolic elements or relational inductive
biases capturing symbolic structure. Gradient-based optimization of in-
tegrated neural-symbolic systems would enable end-to-end training of
complete neuro-symbolic pipelines, potentially improving both perfor-
mance and coherence. This approach would allow neural and symbolic
components to co-adapt during training, creating more effective integra-
tion than separate individual component optimization.

Future research should explore adaptive integration selection mech-
anisms that dynamically choose optimal integration patterns based on
task characteristics, computational constraints, and performance re-
quirements. As shown in Table 5, different patterns excel across different
dimensions—developing meta-learning approaches that automatically
select and configure integration strategies would significantly enhance
system versatility.

14.2. Advanced meta-cognitive frameworks

Addressing a significant meta-cognitive research gap (5% of papers)
represents a major opportunity for advancing neuro-symbolic agent
capabilities [14]. Future research should develop integrated architec-
tures implementing comprehensive meta-cognitive capabilities across all
TRAP dimensions illustrated in Fig. 7: self-monitoring mechanisms eval-
uating reasoning quality, strategy selection and adaptation based on task
characteristics, resource allocation optimization across components, and
knowledge integration management ensuring consistent representation
updates [51].

Transfer learning approaches for meta-cognitive capabilities would
enhance system flexibility enabling cross-domain generalization. For
domain transfer Dy, Dyyreers TRAP  components can be
adapted through component-specific transfer functions encoding do-
main adaptation knowledge. This formulation enables: Abstract Strategy
Transfer where meta-cognitive strategies learned in one domain
transfer to others by abstracting task-independent monitoring pat-
terns; Compositional Meta-Cognition where complex capabilities emerge
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through the composition of transferred components; Continual Meta-
Cognitive Improvement where architectures supporting continual learning
update components incrementally without catastrophic forgetting.

Developing external grounding mechanisms to address the bootstrap-
ping problem identified in Section 10.4 represents a critical direction.
Future systems should incorporate independent verification sources—
symbolic knowledge base checks, environment feedback, multimodal
sensor redundancy—breaking circular self-assessment dependencies
while maintaining TRAP’s structured monitoring capabilities.

14.3. Hierarchical agentic architectures

Building on hierarchical planning advances demonstrated in GoalAct
[48] and HLA [103], future research should explore more sophisticated
hierarchical architectures combining symbolic task decomposition with
neural execution. Fig. 10 illustrates a potential integrated architecture
addressing the fundamental tension between planning coherence and
execution flexibility.

This architecture combines autonomy mechanisms from Agent
Q for neural-guided symbolic search, hierarchical goal management
from GoalAct maintaining coherent objectives, structured memory
from GITM for efficient plan reuse, and coordination protocols from
AutoGen/MetaGPT for multi-agent collaboration. Bidirectional flows
between components enable continuous adaptation and feedback, cre-
ating a system that both maintains long-term goals and responds to
environmental changes.

Developing general-purpose symbolic decomposition frameworks
would enable systems to generate appropriate task hierarchies across di-
verse domains without requiring domain-specific decomposition strate-
gies. These frameworks would identify natural task hierarchical struc-
tures and create appropriate goal decompositions based on task char-
acteristics, enhancing cross-domain applicability and reducing domain-
specific engineering needs. Designing feedback loops between execution
and planning would enable dynamic goal adjustment based on observed
outcomes. Integrating formal goal verification mechanisms would en-
sure that subgoal achievement genuinely contributes to overarching
objectives.

14.4. Standardized evaluation frameworks

Developing robust evaluation frameworks specifically designed for
neuro-symbolic agents is essential for systematic progress assessment
[126]. Building on our proposed framework in Fig. 8, future research

—-- -{ Autonomy Module (Agent Q) ‘

e -}{Communicaﬁon Protocols (Symbolic)
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Fig. 10. Proposed integrated neuro-symbolic agentic architecture combining autonomy (Agent Q), goal management (GoalAct), structured memory (GITM), and
coordination (AutoGen/MetaGPT) with bidirectional information flows balancing long-term goal coherence with adaptive execution.
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should establish: Integration-focused benchmarks specifically assessing
neural-symbolic integration quality through tasks requiring both pat-
tern recognition and logical reasoning; Standardized integration metrics
providing consistent evaluation including quantitative neural-symbolic
alignment measures, reasoning transparency metrics, and metacogni-
tive capability evaluation techniques; Cross-domain transfer protocols
evaluating generalization beyond training distributions; Agentic capabil-
ity assessments measuring autonomy, goal-directedness, proactivity, and
adaptability enhancements from neuro-symbolic integration.

Community-driven benchmark development initiatives could estab-
lish shared evaluation infrastructure similar to successful efforts in
other Al domains. These initiatives should prioritize: diverse task cov-
erage spanning reasoning, perception, planning, and social interaction;
multilingual and multicultural evaluation addressing biases in cur-
rent English-centric benchmarks like WildBench [137]; longitudinal
assessment protocols evaluating performance over extended interactions
critical for healthcare applications [94]; open-source implementations
facilitating reproducibility and community participation.

14.5. Multimodal and embodied neuro-symbolic agents

Extending neuro-symbolic integration to multimodal agents handling
diverse input modalities (vision, audio, touch, proprioception) repre-
sents a frontier for creating truly general-purpose systems. As discussed
in Section 5.10, current Large Multimodal Agents [7] demonstrate
potential but face scalability and grounding challenges.

Future research should explore: Cross-modal symbol grounding mech-
anisms for learning consistent symbolic representations across multiple
sensory modalities, addressing the symbol grounding problem illus-
trated in Fig. 6 through redundant multimodal evidence; Embodied
common sense reasoning combining neural perception with symbolic
world models enabling physical reasoning about object interactions,
stability, and causality; Situated learning architectures where agents
learn symbol meanings through environmental interaction following ap-
proaches like Voyager [141], enabling robust generalization to novel
situations.

Developing neuro-symbolic frameworks for human-robot collabo-
ration would enhance safety and transparency in physical interaction
scenarios. These frameworks could combine neural gesture recognition
with symbolic task representations, enabling robots to interpret am-
biguous human communication while maintaining an explicit shared
understanding of collaborative goals.

14.6. Ethical and responsible development

As neuro-symbolic agents grow more capable, ethical considerations
[158] become increasingly important ensuring responsible development
and deployment [8]. Future research should address: Fairness in in-
tegrated systems through techniques detecting and mitigating bias in
neural-symbolic interactions, methods incorporating ethical constraints
in symbolic components, and approaches verifying fairness properties
across integrated systems; Privacy-preserving neuro-symbolic learning en-
abling learning from sensitive data without exposing private information
through differential privacy or federated learning adapted to neuro-
symbolic systems; Controlled information flow preventing sensitive in-
formation leakage across neural-symbolic boundaries while maintaining
integration benefits.

Developing formal verification methods for neuro-symbolic systems
would enable proving safety and ethical properties before deploy-
ment. These methods could leverage symbolic components’ explicit
structure for tractable verification while accounting for neural com-
ponents’ learned behaviors through abstraction and approximation
techniques. Highly autonomous agent risks warrant careful consider-
ation, particularly as neuro-symbolic approaches enhance autonomy.
Semi-autonomous designs with human oversight may provide a safer
approach balancing efficiency with safety [18].
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14.7. Neuro-symbolic foundation models

Current foundation models lack explicit symbolic reasoning capabil-
ities despite their impressive performance. Developing neuro-symbolic
foundation models that combine large-scale neural pretraining with
structured symbolic knowledge represents an ambitious long-term direc-
tion. These models could: integrate knowledge graphs at the foundation
model scale providing grounding for factual reasoning; implement dif-
ferentiable symbolic operations as primitive components enabling com-
plex reasoning composition; and support modular skill acquisition where
new symbolic reasoning capabilities can be added without requiring full
retraining.

Such foundation models would address several current limitations
simultaneously: improved factual consistency through symbolic knowl-
edge grounding, enhanced reasoning transparency via explicit symbolic
traces, better sample efficiency in specialized domains through symbolic
prior knowledge, and stronger compositional generalization through
symbolic operation combination. While technically challenging, the
convergence of advances in differentiable programming, knowledge rep-
resentation, and large-scale training makes this direction increasingly
feasible.

14.8. Cross-domain knowledge transfer

Enabling effective knowledge transfer across domains represents a
key challenge limiting current systems. Future research should develop:
Abstract symbolic primitives identifying domain-independent reasoning
patterns transferable across applications; Meta-learning frameworks for
neuro-symbolic integration allowing systems to learn how to integrate
neural and symbolic components effectively from experience across mul-
tiple domains; Compositional knowledge transfer mechanisms enabling the
combination of knowledge from multiple source domains for new target
domains.

AlphaGeometry’s synthetic data generation approach [49] suggests
a promising direction—developing general frameworks for synthetic
curriculum generation across domains could dramatically reduce data
requirements for neuro-symbolic systems. As demonstrated by AgentGen
[106], automated environment and trajectory generation enable agents
to acquire robust capabilities without extensive human demonstration.

15. Conclusion

This comprehensive survey establishes neuro-symbolic AI agents
as a transformative paradigm synergizing neural networks’ pattern
recognition with symbolic reasoning’s logical structure. Our system-
atic PRISMA-based analysis of 178 papers indicates that neuro-symbolic
integration consistently outperforms pure approaches across diverse
domains—achieving 23% improvements in robotic task completion,
95.4% autonomous navigation success versus 18.6% neural baselines,
and order-of-magnitude reductions in sample complexity. Through a
comprehensive taxonomy spanning architectural configurations and
integration dimensions, we demonstrate how different patterns—
sequential, parallel, end-to-end differentiable, unified representation—
exhibit complementary strengths addressable to specific application
requirements. Performance comparisons in Table 6 substantiate that ad-
vantages arise from fundamental complementarity: neural components
address symbolic brittleness in uncertain environments while symbolic
components enhance neural interpretability and systematic reasoning.

However, critical challenges persist demanding immediate research
attention. Meta-cognitive capabilities, appearing in only 5% of the lit-
erature despite demonstrating greater performance impact than sophis-
ticated integration patterns alone, represent a severely underexplored
frontier. The explainability-integration disconnect—with merely 4% of
papers addressing both knowledge representation and explainability—
prevents the realization of neuro-symbolic systems’ theoretical trans-
parency advantages. Scalability constraints, integration methodol-
ogy standardization gaps, benchmark inadequacies enumerated in
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Section 13, and persistent symbol grounding difficulties constitute fun-
damental obstacles. Our proposed future directions—advanced meta-
cognitive frameworks via TRAP-inspired architectures, hierarchical
agentic systems illustrated in Fig. 10, standardized evaluation protocols
from Fig. 8, and neuro-symbolic foundation models—provide a struc-
tured roadmap addressing these challenges. By combining insights from
cognitive science, formal methods, and human-computer interaction,
the community can advance toward truly autonomous, transparent, and
trustworthy intelligent systems collaborating effectively with humans
across complex real-world applications.
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Appendix A. Mathematical foundations of neuro-symbolic
integration

This appendix provides mathematical formulations for key neuro-
symbolic integration patterns discussed in Section 3.3, supporting the
conceptual overview with formal definitions.

A.1. Sequential integration

Sequential integration connects neural and symbolic components in
a feed-forward pipeline. In the neural-to-symbolic direction:

Z peural = Fneurat(X)

Y = fsymbolic(Zneural) (Al)

where X represents input data, Z,,, is an intermediate neural repre-
sentation, and Y is the output after symbolic processing. This pattern
commonly appears in frameworks like Agent Q [16] where neural
perception feeds symbolic planning.

Reverse sequential pattern (symbolic-to-neural) follows:

Zsymbolic = fsymbolic(X)

Y = fneural(Zsymbolic) (A.2)

This enables symbolic constraints to guide neural generation, ensur-
ing that outputs satisfy logical requirements.

A.2. Parallel integration

Parallel integration processes input through both neural and sym-
bolic pathways simultaneously, combining their outputs:

Zneuml = fneural(X)
Zsymholic = fsymholic (X)

Y =g(Z, Z, (A.3)

neural » symbolic)

where g is a fusion function combining outputs from both streams.
Common fusion functions include:

* Weighted averaging: g(Zneural’ Zsymbolic) = aZneural + (1 - a)Zsymbolic
* LOglCCll ﬁltenng: g(Zneuml’ Zsymbolic) = Zneural o I[[Zsymbolic]
» Learned combination: 8(Zyeurals Zsymbolic) = ho([Zeyrar» Zsymbolic])

Hierarchical Language Agents [103] employ this pattern combining
fast neural responses with slower symbolic reasoning.
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A.3. End-to-end differentiable architectures

End-to-end differentiable architectures embed symbolic operations
within neural networks enabling gradient-based optimization:

Y = fneum—symbolic(X)

- f(”)

neural

A4
o el oS (X) BD

diff-symbolic ~ * neural

where fgiiymbolic T€Presents differentiable symbolic operation imple-
mentations. These typically use continuous relaxations of discrete logical
operations [77]:

AND, (a,b) = & (‘”Tﬁ)

(A.5)

ORT(a,b)=a<a:b)

NOT,(@)=1-a
where ¢ is the sigmoid function and 7 is the temperature parameter con-
trolling approximation sharpness. As ¢ — 0, these operations approach

discrete logical functions.
For gradient computation through symbolic layers:

oL oL Y O dift-symbolic
aeneural 4 afclit‘f—symbolic aeneural

(A.6)

where £ represents the task loss and 6, denotes the neural network
parameters.

A.4. Unified representation approaches

Unified representation approaches like ZeroC [47] establish one-to-
one mappings between symbolic structures and neural energy functions
[62]. For concept ¢ represented as symbolic graph G, = (V,, E,) with
nodes V, (base concepts) and edges E, (relations):

Ee,x)= ) Eyepx)+ Y Epgle;,x) A7)

v;EV, ¢;€E,

where E(c, x) is the energy function for concept ¢ applied to input x,
composed of base concept energies E,,.(v;,x) and relation energies
E(ej, x).

Recognition probability for input x belonging to concept c:

exp(—E(c, X))

Torec xXp(—E(, %) (A.8)

plelx) =
where C represents set of all concepts. This formulation enables zero-

shot concept recognition by composing existing concepts according to
symbolic descriptions:

Chew = Compose(cy, ¢y, ..., x5 R) (A.9)

where R specifies the relational structure combining base concepts
{ers.oei )

A.5. Neural-guided symbolic search

Neural-guided symbolic search, exemplified by AlphaGeometry and
detailed in Algorithm 1, combines neural heuristic evaluation with sym-
bolic state expansion. The search process maintains a priority queue F
of states ranked by neural evaluation:
s* = arg, max,pN(s) (A.10)

where N (s) is neural network predicting state s quality. For each selected
state, symbolic expansion generates successor states:

Successors(s) = {s’|s—a> s’ a € A(s)) (A.11)
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where A(s) represents set of valid symbolic actions from state s. This
integration achieves efficiency gain:

| Statesexhaustive |

A2
|States, ( )

Efficiency =
neural-guided |

measuring the reduction in explored states compared to exhaustive
symbolic search.

Appendix B. TRAP framework mathematical formulations

This appendix provides detailed mathematical formulations for the
TRAP framework components referenced in Section 10.2, extending the
conceptual definitions with formal specifications.

B.1. TRAP component functions

The TRAP framework characterizes four meta-cognitive targets
through specific placements of meta-cognitive function g relative to the
base model fy:

B.1.1. Transparency function
Transparency-oriented assessment generates explanations based on
model outputs and parameters:

gr(fp(x), 8) = Explain(f5(x), 6, Lgomain)

where Kyon.in represents domain knowledge used for explanation gen-
eration. The transparency score evaluates explanation quality:

(B.1)

Scorer =E, p [Fidelity(gT) x Comprehend(gr) X Complete(gr )] (B.2)

where fidelity measures explanation accuracy, comprehensibility mea-
sures human understanding, and completeness measures information
coverage.

B.1.2. Reasoning function
Reasoning quality assessment evaluates logical consistency and in-
ference validity:

gr(0, H) = Assess(Inferences(6), H) (B.3)

where H represents performance history and Inferences(6) extracts rea-
soning steps from model. The reasoning score:

_ | ValidInferences|

Scoreg = X (1 — ContradictionRate) (B.4)

| TotalInferences|

B.1.3. Adaptation function
Adaptation assessment identifies error patterns and strategy effec-

tiveness:
84(fo(x),0,E) = Diagnose(&, 0) @ Prescribe(&, 0) (B.5)

where € represents detected errors, Diagnose identifies adaptation needs,
and Prescribe suggests modifications. Adaptation leads to updated model:

For () = Apply(fy(x), 84(fo(x), 6, ) (B.6)
with parameters:
0'=0+n- Af,, (B.7)

B.1.4. Perception function
Perception confidence assessment evaluates input quality and
grounding reliability:

gp(x,C) = Confidence(x, C) X Grounding(x, Ky,1q) (B.8)

where C represents context and K14 represents world knowledge. Low
perception confidence triggers attention mechanisms:
if gp(x,C) > 7p

1
. _ (B.9)
attend { sigmoid(w - gp(x,C)) otherwise

20
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B.2. Unified TRAP meta-cognitive state

Following TRAP’s four-way decomposition, we aggregate component
monitors into a unified meta-cognitive state:

gr(fo(s),0)
gr(0, H)
84(f0(5),0,8)
gp(0,C)

Mgap(s. 0, fo) = (B.10)

where s is the state, o is the observation, H is the performance history,
& is the detected errors, and C is the context. Each component con-
tributes distinct meta-cognitive signals consistent with TRAP’s schematic
placements.

B.3. TRAP-inspired adaptive control

TRAP signals guide integration pattern selection through policy:

7TRAP(S;) = Arg, MAX ,cp w; - Utility; (p, Mrap(s,)) (B.11)

i€{T.R,A,P}

where P = {Sequential, Parallel, E2E, Unified} denotes available patterns.
Component utilities encode task-dependent preferences:

Utility(p, M) = [[HasTrace(p)] - gr(M) (B.12)
Utility g(p, M) = LogicalConsist(p) - gg(M) (B.13)
Utility , (p, M) = Flexibility(p) - g ,(M) (B.14)
Utility p(p, M) = GroundQuality(p) - gp(M) (B.15)

B.4. External grounding for TRAP components

To mitigate circular self-evaluation identified in Section 10.4, exter-
nal grounding channels blend internal and external verification:

g,.m(x,f) =q- g;nlemal(x,f) +(1- ai) . Viexlemal(x) (B.16)
where external verifiers provide independent validation:

V£ (x) = RuleCheck (K mpoic: &7-(f (X)) (B.17)
VM(x) = LogicVerify(L gy £2(6)) (B.18)
V¥(x) = EnvFeedback(env, f(x)) (B.19)
V;X‘(x) = SensorRedundancy(multimodal, x) (B.20)

Confidence weight «; adapts based on historical agreement:
a;(t + 1) = a;(t) + f - Agreement(gi"em?!, y/external) (B.21)

B.5. Meta-cognitive gradient correction

TRAP adaptation signals modulate learning when performance de-
grades:

A0, = a - VoL (X y) + B - VoLinera(Mrrap, ;) (B.22)
where meta-cognitive loss penalizes undesirable states:
target 2
Lo M0 = D Llg(M) = g™ > +7 - Logperence(M)  (B.23)
ie{T.RAP)
with coherence loss ensuring consistent meta-cognitive signals:
. d
L oherence(M) = Z ||Correlation(g;, g;) — Cie;peme II? (B.24)

i#]
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Appendix C. TRAP-specific meta-cognitive evaluation

This appendix provides specialized evaluation metrics for systems
adopting the TRAP framework [51], referenced from Section 11.3. Each
TRAP dimension requires tailored assessment aligned with its functional
role.

C.1. Transparency evaluation

Transparency score evaluates explanation quality across multiple
dimensions:

N
Transparency,gore = 1 > Fidelity(gr(/(x)) - Comprehend(gr (/ ()
i=1
(C.1)

where:

« Fidelity measures explanation accuracy relative to the actual decision
process, computed as the alignment between explanation steps and
the execution trace

« Comprehensibility measures human understanding through user stud-
ies or proxy metrics like explanation length and complexity

Detailed transparency assessment includes:

|ExplanSteps(e) N ActualSteps(f)|

Fidelit = C.2

idelity(e) |ActualSteps(f)| €2
Length

Comprehend(e) = exp <—M> - Readability(e) (C.3)
Tlenglh

C.2. Reasoning evaluation

Reasoning score assesses logical consistency and inference validity:

. |CorrectReflections| .
Reasonin, = — . ConsistencyScore C.4
Bscore | TotalReflections| ¥ €4
where consistency score measures logical coherence:
. Contradictions
ConsistencyScore = 1 — ; (C.5)
|InferencePairs|

Inference pair (i}, i,) is considered contradictory if:

Jiy, iy :(Conclusion(i;) = ~Conclusion(i,)) A (Context(i;) = Context(i,))
(C.6)

C.3. Adaptation evaluation

Adaptation score quantifies improvement from meta-cognitive ad-
justment:
Perf,

post

— Perf.

_ (C.7)
max(Perfy ,cfine» €)

Adaptation - (1 — AdaptLatency)

score —

where:

« Perf,, measures performance after adaptation
« Perf, . measures performance before adaptation

. Perfh aseline provides reference performance
ME;dapt
Timeyq)

« AdaptLatency = penalizes slow adaptation

Adaptation efficiency across multiple episodes:
K

AdaptEfficiency = % Z

APerf;,

(C.8)
COStadapt k

21
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C.4. Perception evaluation

Perception score assesses input quality and grounding reliability:

V(-

i=1

|Misground(x;)|

P ti =
erception, Totalx)]

score

) -Ilgp(x;) > Teonr] (C.9)

where:

+ Misground(x;) counts symbols incorrectly grounded in the input x;
« I[gp(x;) > 7.0p¢] indicates satisfaction of the confidence threshold
Grounding accuracy measured by semantic consistency:

256 < Similarity(Percept(s), GroundTruth(s))
IS

GroundAccuracy = (C.10)

C.5. Aggregate TRAP effectiveness

Overall TRAP effectiveness uses the geometric mean encouraging
balanced component performance:

TRAPyeran = score * R€ASON oo + Adaplycor, - Perceptyor (C11)

Q/ Trans,

This formulation penalizes systems excelling in only a subset
of dimensions while rewarding balanced capabilities. An alternative
weighted formulation allows task-specific emphasis:

11

i€{T,R,A,P)

TRAP, (Score;)™i (C.12)

weighted =

where Y. w; = 1 and weights are determined by task requirements.

C.6. Comparative TRAP assessment

For comparing systems with different TRAP implementations, the
normalized improvement metric:

TRAP*Y“”" _ TRAPbase]me

overall overall

TR APopumal TR Apbaseline

overall overall

TRAP; (C.13)

improve —

where baseline represents a system without meta-cognitive capabili-
ties and optimal represents the theoretical maximum achievable TRAP
scores.

C.7. Temporal TRAP dynamics
For evaluating the TRAP component evolution during learning:

Scorer (1)
Score(t)
Score 4 ()
Score p(t)

TRAP (C.149)

trajectory (=

Convergence rate measures meta-cognitive development speed:

ConvergenceRate = min % (C.15)
1 N
1

where ¢ = min{z : Score;(t) > 7;} indicates the time when component i
reaches the threshold z;.

C.8. Meta-cognitive transfer assessment

For domain transfer D - D transfer efficiency:

source target>

TRAP w2t (with transfer)
overall

TransferEff = (C.16)
TRAP “"g“ﬁ (from scratch)
overal
Component-specific transfer success:
Score, “* (initial)
TransferSuccess; = (C.17)

Diource
Score; """ (final)

These metrics quantify how effectively meta-cognitive capabilities
learned in the source domain transfer to the target domain, which is
essential for evaluating generalization as discussed in Section 14.2.
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