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abstract: Agentic AI systems enhanced by tool-use represent a shift in how large language models are
designed and deployed. They are able to execute tasks that would otherwise be beyond the capabilities of
standalone systems. They do this through multi-step reasoning, dynamic interaction with external resources,
and by depending on external tools, ranging from APIs to simulators. In this survey, we dive into the rapidly
expanding body of research surrounding tool-augmented Agentic AI. This survey examines recent research
on tool-augmented agentic AI with a focus on how tools are composed, selected, and integrated into agent
architectures. It provides a unifying taxonomy and actionable guidance for navigating this complex landscape.
The goal is not to be exhaustive, but to synthesize our findings and relevant frameworks to provide structured
guidance for researchers, practitioners and policymakers working on robust, safe and scalable Agentic AI.
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1. Introduction

1.1. Background and Motivation

The breakneck speed of advancements in AI has caused Agentic AI to come to the forefront of this
globally relevant field [1,11]. As AI systems became more integrated in real-world applications, their
advancement and capability to interact with tools has become essential rather than optional [66]. Con-
sequently, Agentic AI systems have seen an intensified research focus, with major labs and companies
(eg., OpenAI, DeepMind, Google, Oracle, Nvidia) and industry consortia focusing on transformative ap-
plications emerging, for example, in scientific discovery (e.g., literature synthesis and hypothesis testing),
adaptive supply chain management, and diagnostics in healthcare [57].

Agentic AIs are at the forefront of the paradigm shift from generative AI systems, demonstrating
“agency” in complex situations, as opposed to being specialized for singular, basic tasks and perform-
ing better on benchmarks such as the ARC test [13]. They are defined as autonomous architectures
capable of executing complex, multistep workflows through multimodal reasoning and self-correcting be-
haviour. The development of Agentic AI relies on the core functioning principles of goal-orientation, self
governance and autonomous operation with low human interference, memory management and context
inclusion/adaptation. They additionally possess the ability to interact with their environment, possess
adaptability to unprecedented scenarios and errors, to plan and reason as well as perform multilayered
thinking. They can perform multi-step tasks unable to be done by normal generative AI such as market
research and analysis, travel planning, experimentation and report writing [60].

The integration of tools into AI systems draws its origins to the landmark Toolformer paper [62],
which demonstrates how language models may self-teach tool access for enhanced capabilities. Upon
this foundation came agentic frameworks like AutoGen [82] and LangGraph emerged in 2024, alongside
tool-based agents such as EasyTool [86] and GenTopia [83]. Yet, despite substantial progress, research
on agentic tool use remains fragmented, making it difficult to identify unifying principles or compare
approaches systematically. To address this gap, we structure the survey around three recurring design
concerns in tool-augmented agentic systems. Firstly, how tools are assembled. Secondly, how agents
decide which tools to invoke. And thirdly, how external capabilities are incorporated into the overall
architecture. Separating these concerns makes it easier to compare existing approaches and to understand
why systems with similar components can exhibit different behaviours in practice.

Figure 1: Illustration of the importance of tool use in agentic AI. Tool augmentation enables access to
external computation, real-time data, and reliable execution mechanisms beyond the internal capabilities
of standalone LLMs.
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1.2. Importance of Tool Use

LLMs, and by extension Agentic AIs, by themselves have shown limited ability in tasks such as
mathematical reasoning [35], real-time updates, and external interaction. Therefore, tool-based execution
is a core capability that allows access to APIs and software such as Wolfram Alpha, as well as enabling
real-world execution mechanisms such as updating Microsoft Excel sheets and Bing web searches [37,54].
The breakthrough paper, Google’s “Toolformer” [62] demonstrated a significant performance gain on
mathematical reasoning benchmarks when granted calculator access by training the LLM to embed
function calls within parts of the text. Furthermore, by accessing these external tools and APIs, AIs are
able to execute the retrieval of real-time data, run simulations, perform efficient searches and improve their
overall task fulfillment and decision-making capabilities. Modern AI web search abilities have enabled it
to extract real-time data to help users make informed decisions as well as act like a much more convenient
version of google search. Indeed, google search now includes an “AI Overview” using its LLM Gemini
as an adaptation to this. Figure 1 shows an example of an Agentic and non-Agentic system through
a self-driving car system. The AI system in the first enables object-detection, avoidance and real-time
learning to adapt as it drives, whereas the second stays manual and requires extensive human input,
demonstrating the practical superiority of Agentic systems which are given access to external systems.

1.3. Definition and Clarification

In order to avoid conceptual fuzziness that has emerged in the modern AI boom, alongside acknowl-
edging the large number of terms in this field, we must first understand the different topics within this
field.

Table 1: Key terms and definitions used in this survey.
Term Definition
Multi-Agent Systems Architectures where ≥ 2 agents collaborate or interact [21].

Agentic AI Autonomous architectures capable of executing complex, multistep
workflows through multimodal reasoning and self-correcting behav-
ior.

AI Agents Specialized autonomous systems that perform narrow, single-domain
tasks.

Tool Augmentation The ability to interact with external systems and computational re-
sources to fulfill tasks.

Orchestration Stateful sequencing of tools to achieve complex tasks.

In this paper, we define AI Agents as separate from Agentic AI, due to fundamental architectural and
performance differences [60], however we realize that both are essential to discuss in this paper seeing
the extensive use of AI Agents solving. AI Agents may function as customer service chatbots, virtual
assistants and general-purpose bots within Agentic AI. AI Agents are autonomous agents that perform
specialized, single tasks which perform, learn and adapt within their specific domain and are usually
standalone systems that excel in handling well-defined tasks. In contrast, Agentic systems consist of
multiple AI agents that collaborate to achieve more complex, multi-tasked phenomena. Therefore, they
differ in architecture, collaboration and the scope of their problem prioritization or report summarization,
but their importance within tool augmentation in Agentic AI systems is not to be ignored, therefore they
are mentioned in this paper sparingly. A formalized list of terms we use in this paper that are useful and
their subsequent definitions are presented in Table 1.
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1.4. Scope and Assumptions

Figure 2: Layout of the scope of this survey.

The scope of this paper focuses primarily on Tool-Augmented Agentic AI systems, emphasizing their ar-
chitectural frameworks, decision-making processes, and tool integrations that enhance their functionality.
Our aim is to make this knowledge more forwardly accessible to academics and AI practitioners and in-
form Agentic AI tool developers in businesses, research and consumer domains. We assume readers have
a fundamental understanding of deep learning, AI architectures, reasoning mechanisms and generative
AI concepts as well as some knowledge of the literature.

We will focus on covering tool types, architectures, selection mechanisms, execution concerns through
an analysis of a variety of digital tools to learn more about the titular topic. Our interest will lie more
towards Agentic AI rather than AI Agents, due to the former being a more recent innovation and more
applicable in real world business workflows and relevant for future AI research. Transformers and other
in-depth systems will not be discussed owing to our primary focus on direct components that modulate
decision-making and tool selection.
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1.5. Methodology

Figure 3: Overview of our literature review methodology, including search strategies, filtering criteria,
and thematic synthesis.

Our paper review strategy was rooted in an established taxonomy of relevant concepts that stemmed
from previous works in the domain. Initial search terms included “Agentic AI,” “Classical Decision
Theory,” “function calling,” “API selection,” “tool use,” and related terminology. These enabled the
identification of key papers via snowballing, situating our work in the the context of existing literature
while highlighting research gaps.

Boolean query combinations such as “LLM agents” AND “tool use” OR “decision theory” were em-
ployed to ensure comprehensive coverage of niche intersections. Each subsection of this survey corresponds
to a separate literature stack, independently analyzed to extract methodological approaches and emerging
design principles.

We exclude pre-2022 studies due to the paradigm shift brought by foundation models such as GPT-
3, theoretical papers lacking empirical support, and non-peer-reviewed sources or outlets that do not
maintain citation standards.

1.6. Limitations

The rapid advancement and near-exponential growth of this field means that readers must be aware
of further breakthroughs and discoveries beyond the point this paper is written in 2025, those capabilities
will not be covered here although we have specifically and comprehensively covered everything thus far.
Additionally, even though some ethical considerations and societal and governance issues are discussed
here owing to their relevance, that remains outside the scope of this article as our primary concern is to
focus on the technical focuses and considerations of the topic of Agentic AI.

1.7. Objectives and Contributions

This paper aims to deliver a systematic survey of tool use in Agentic AI. We strive to fill in a noticeable
gap in the current literature by offering a detailed systematic review of the terminologies and strategies
in this sub-field. Moreover, we aim to further contribute to the understanding of AI, provide taxonomy
to selection paradigms, analyse architectural trade-offs (between accuracy, efficiency, implementation,



6 A. J. Yousafi, N. Fatima and M. Dik

etc) and identify and inform future research areas that may require work. We will document emergent
challenges in this field. Our work aims to serve as an informer for researchers aiming to bridge gaps in
this field and practitioners aiming to design architectures for deployment.

1.8. Paper Organization

The remainder of this paper is organized as follows:

• Section 2 introduces the background and foundational concepts necessary for understanding tool
selection within the broader context of artificial intelligence.

• Section 3 examines the structure and architecture of agentic systems, with a focus on tool com-
position, selection, and integration.

• Section 4 describes practical and industrial applications of tool-augmented agentic AI across var-
ious domains.

• Section 5 discusses current challenges and limitations in this field and outlines potential directions
for future research.

• Section 6 concludes the paper by summarizing key findings and reflecting on the implications of
the preceding analysis.

2. Foundation of Tool Augmentation

Despite their incredible potential, current standalone large language models (LLMs) face inherent
limitations that constrain their ability to become autonomous, reliable, general-purpose agents. The
most serious concerns are fixed context windows, finite token limits, and their lack of up-to-date, domain-
specific knowledge [75,62]. External tools offer a solution to these limitations by providing deterministic,
task-specific engines and computations that lie beyond the reasoning abilities of simple LLMs. Specialized
engines like SymPy and domain-specific LLMs (e.g., BioBERT) offload computation-heavy or specialized
tasks that are impractical for general-purpose models to compute internally [15,43,36]. The end result
of tool use is LLMs treating tool access as a functional necessity for both reasoning and action [67].

In this section, we trace Agentic AI’s evolution through history. We take a look at its core concepts
and properties as they develop through history.

Figure 4: Historical evolution of tool integration in AI, spanning symbolic rule-based systems, web API
access, plugin architectures, and modern tool-augmented LLM frameworks.
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2.1. Evolution of Tool Integration in Agentic AI

The Symbolic Era (Pre-2000s). Early AI systems such as MYCIN [68] and DENDRAL [8] used
static knowledge bases and remote procedural calls (RPCs) as early attempts to integrate external tools
into AI. These systems relied on explicit rules and rigid, predefined logic, which limited their adapt-
ability and ability to handle novel situations [29,59]. In the early 2000s, the emergence of Application
Programming Interfaces (APIs), Service-Oriented Architectures (SOAs), and RESTful protocols [22] en-
abled basic external interactions such as retrieving real-time data and executing transactions. Early voice
assistants (e.g., Siri, Alexa) incorporated limited web search functionality, but remained inflexible and
highly constrained [27].

From Web Search to Self-Supervised Learning. The introduction of large language models such as
GPT-3 and GPT-4 marked a turning point in tool use [7]. These models enabled more flexible forms of
tool orchestration, including plugin-based systems in which external APIs, such as Wolfram Alpha, were
invoked for symbolic computation. Delegating execution and retrieval to external systems reduced, but
did not eliminate, limitations related to hallucinations and constrained context windows [62,75]. This
transition reframed tool use as a central architectural concern rather than a peripheral enhancement.

Evolution of Tool Augmentation. The web search access provided by WebGPT [47] introduced the
first flexible web search mechanism. It did this through integrating human-supervised reinforcement
learning and command line interface interaction. This enabled LLMs to access up-to-date information,
reduce factual errors, and provide verified, cited information.

Subsequent work moved toward modular system design. DeepMind’s MRKL framework framed the
language model as a coordinator to route subtasks towards specialized modules, influencing later ap-
proaches to tool use [32]. Google’s LaMDA adopted similar principles in an industrial setting by embed-
ding API calls directly within its dialogue system [72].

Later models focused on learning when tools should be invoked. ToolFormer [62] introduced a self-
supervised mechanism that allowed models to decide whether to rely on internal knowledge or call external
tools during generation. TALM extended this direction by scaling tool-use through supervised fine-tuning,
treating tools as a reusable execution layer rather than a rigid process [51]. Reliability in tool invocation
was addressed more explicitly by Gorilla, which leveraged abstract syntax tree (AST) validation to cut
down on errors during tool use [53].

Evolution of Reasoning and Autonomous Execution. Early AI systems relied primarily on rule-
based logic, which proved insufficient for layered agentic behavior. ReAct combined chain-of-thought
reasoning with tool execution, enabling iterative planning and refinement [85]. Subsequent systems
such as ART extended multi-step reasoning by reusing prior solutions and supporting execution pauses,
which proved effective for frozen language models [50]. Open-source frameworks such as AutoGPT and
BabyAGI further pushed autonomy by introducing recursive task decomposition, memory management,
and iterative execution loops [46]. These developments exposed the growing need for robust orchestration
mechanisms to manage increasingly complex agent behavior.

Evolution of Tool Evaluation. As agent autonomy increased, evaluation methodologies evolved be-
yond static rule checks. Benchmarks such as the Berkeley Function-Calling Leaderboard (BCFL) and
APIBench introduced structured metrics for assessing correctness and efficiency in API invocation [53].
More recent simulators, including WebArena and AgentArena, provided interactive environments for eval-
uating agent behavior under realistic conditions [87,30]. The emergence of benchmarks such as Agent-
Bench and τ -Bench reflects a shift toward evaluating multi-tool, multi-step reasoning under ambiguous
and dynamic inputs [38,84].

2.2. Taxonomy of External Tools in Agentic Systems

The definition of tool includes any computational engine or software external to the agent’s architec-
ture that deterministically turns inputs into task-specific outputs. Agentic reasoning works differently
compared to this, which enables actions beyond normal LLM abilities and helps prevent issues such
as hallucination [15,75]. Distinct groups of tools can be integrated into frameworks and agents. The
definition of tools encompasses:
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• APIs (e.g., Google Search, Stripe payments): Application Programming Interfaces provide struc-
tured access to external services via predefined protocols. They reflect a transition from early RPC-
style integrations to web APIs and now play a key role in LLM integration processes [23,4,19].
Examples include search APIs for real-time retrieval and payment APIs for executing financial
transactions, both of which extend LLM capabilities.

• Models (specialized LLMs, classifiers, simulators): External models augment LLM capabilities
in areas requiring specialized computation or representations. These include SymPy for symbolic
solutions [43], vision models such as CLIP for image analysis [58], and domain-specific LLMs like
BioBERT for biomedical text mining [36]. Their value lies in higher accuracy on niche tasks without
overburdening the base model. For example, calculator-style tool access can improve performance
on math and science problems [15].

• Data processors (Pandas for CSV, OpenCV for images): These perform structured transforma-
tions on large datasets that standard LLMs struggle with due to context limits. Examples include
Pandas for tabular operations [42], OpenCV for image processing [5], and LibROSA for audio
preprocessing [41]. Their essentiality stems from handling data volumes and operations that are
otherwise incompatible with LLM-only processing [44].

• Knowledge repositories (Wolfram Alpha, PubMed crawlers): Repositories provide scaled in-
formation access through structured databases and search systems. These range from scientific
literature access such as PubMed [39] to curated computational knowledge bases used for math
and science retrieval. Unlike traditional search systems, agents can autonomously construct queries
and prompts to retrieve task-relevant data [60].

• Simulations and virtual environments (PyBullet, NetLogo, CARLA) [14,74,17]: Simulated
environments enable agents to test hypotheses and strategies in controlled settings. They range
from lightweight frameworks such as OpenAI Gym [6] to higher-fidelity simulators that support
embodied and sequential decision-making. These tools enable safe failure, iterative learning, and
transfer from synthetic to real-world contexts.

• Orchestration frameworks (Temporal, AutoGPT): These meta-architectures structure how
agents integrate tools, memory, and external services into pipelines and working services. Frame-
works vary, but generally provide the stepping stones to scale LLMs from single-shot prompts to
autonomous agents capable of multi-step execution with tool usage. They support tool-chaining,
memory management, and reasoning across systems, while abstracting low-level orchestration logic
so the agent can focus on task objectives [60].

3. Architectural Approaches and Methodologies in Tool Augmentation

Architectural choices are becoming increasingly important in determining how tools work reliably
outside controlled settings. Decisions about how tools are composed, selected, and executed often matter
more than anything else. To understand and compare these evolving systems, we segment this section
into these four design pattern concerns, each addressing a distinct axis of capability.

3.1. Composition

This section outlines the architectural elements and interaction patterns that constitute reasoning,
control, agents, tools, communication, and state such that complex multi-step tasks are executed reliably.
A proper system typically separates reasoning from execution to ensure reliable and effective tool use
[85].

The primary components of the system are usually as follows:

• Core reasoning engine: The primary natural language model responsible for intent understand-
ing, plan generation, and synthesis. It converts goals into executable plans via chain-of-thought
(CoT) prompting and serves as the “brain” of the system [81]. It may also produce and interpret
structured outputs (e.g., JSON) for tool calls.
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• Agents: Role-based software actors with constraints, capabilities, and interfaces. Agents may be
specialized subprocesses or wrappers around APIs, and can communicate to delegate subtasks or
exchange intermediate results.

• Tool Registry: A list of available tools with entries including the name, purpose, input schema,
output schema, and execution context. The metadata, alongside example use cases, is what helps
the system use tools effectively. Moreover, agentic systems typically consult the registry when
deciding which tools to use. The registry usually includes:

– Tool Name: A unique identifier for the tool.

– Purpose/Functionality: A clear, concise explanation of what the tool achieves and when it is
applicable.

– Input Parameters: Specification of required and optional inputs, including parameter names,
data types, and expected formats.

– Output Specification: Defines the structure and semantics of returned results.

– Potential Side Effects: Describes persistent or external changes triggered during execution.

– Error Conditions: Defines common failure modes and/or expected errors.

• Tool Metadata: An “instruction manual” describing functionality, example executions, and tool
constraints to enable reliable use. It can be provided in-context or injected via other mechanisms.
Tool names, descriptions, I/O schemas, usage examples, error codes, and cost/latency profiles are
common components. Metadata is essential for tool selection, error recovery, and optimization
[28,78].

• Memory and State Tracking: Memory components range from centralized stores to local caches;
design choices affect latency, privacy, and coordination.

• Orchestrator / Coordinator: Decides which agent/tool executes next and enforces execution
policies, using modes including:

– Hub-and-spoke: Single planner delegating to specialists; suited for auditability and determin-
istic governance.

– Peer-to-peer: Agents negotiate and act; flexible but harder to control.

– Pipeline: A fixed sequence for dataflow; simple and deterministic.

– Hybrid: Planner with peer negotiation via substeps; a common practical compromise.

However, agentic models are based upon some fundamental key components: perception, reasoning,
action, learning, and collaboration. Their interaction and placement in the overall architecture are
illustrated in Figure 5. In practice, these features are sorted into specialized layers which deal with
separate tasks [1]. The layers that deal with tool augmentation within Agentic AI are listed in the
following:
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Figure 5: Layered agentic AI architecture, highlighting perception, decision core, tool interface and
execution module, memory, and feedback mechanisms that enable iterative refinement.

• Perception Layer: Live interaction and real-time data collection, capturing both structured and
unstructured inputs.

• Decision Core: Hosts reasoning, primarily LLM-driven, enhanced by algorithms or learning strate-
gies that determine tool needs and actions.

• Tool Interface & Execution Module: Formats, dispatches, and manages tool interactions,
parses results, and attempts retries on failure.

• Memory Layer: Houses semantic, procedural, episodic, and contextual memory; interacts with
the rest of the system through read/write calls.

• Feedback Loop: Iterates self-correction and performance refinement using error signals, evaluation
metrics, and tool outputs.

The agent’s structural composition details how it is assembled, whereas tool composition describes
its tool makeup and integration, such as metadata and internal code. Its structural composition follows
recurring patterns that many systems share, as summarized in Table 2.

Table 2: Common structural composition patterns in agentic systems.
Pattern Procedure Benefit Tradeoff
Planner-Based Routing Centralized, simple Rigid, bottlenecked

Graph-
Structured

Graph-based flows Flexible, visual represen-
tation

Higher complexity

ReAct-Style Reason + action
looping

Effective for uncertain
tasks

Debugging difficulty, os-
cillations

Multi-agent Hi-
erarchy

Role delegation Modular collaboration Overhead and latency in
scale

Structural composition defines the backbones of Agentic AI systems. They determine how problems
are understood, actions are sequenced, and tools are orchestrated. Whether implicit or explicit, com-
position patterns affect transparency, reusability, and an agent’s capacity for robust behavior. At the
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time of writing, there is no single architectural design that all Agentic AIs use. Systems follow heavily
experimental design patterns that share a few key similarities to enhance efficacy and performance.

Tool composition, on the other hand, refers to the logic by which external capabilities integrate into
agentic reasoning and action loops. The agent’s ability to route to, sequence, and integrate tools defines
its modularity, utilization, and generalization potential. At the most basic level, some key terms in tool
composition involve the following:

• Tool Affordances: Affordances is a term borrowed from ecological psychology, referring to the
capabilities of an external tool as cognitively understood [70]. In agentic systems, affordances refer
to the range of actions a tool can perform through invocation, which is crucial given the system’s
limited innate awareness of what capabilities it can access [31].

• Tool Invocation and Routing: Tool invocation refers to the process in which fuzzy inputs lead
agentic systems to use a tool to accomplish a subtask via structured interfaces such as API calls
or executable code [62]. Routing is the complementary process that selects the most suitable tool
using techniques such as affordance-based heuristics, fuzzy matching, or learned decision policies
[85].

• Result Integration: After invocation, agentic systems must ingest tool outputs, interpret their
meaning, and incorporate them into the evolving plan or memory state. This includes error detection
and context updates so outputs become usable for downstream steps.

• Tool Chaining: Multiple tools can be chained into a pipeline, passing outputs from upstream
tools into downstream inputs (e.g., search → summarization → code execution). While powerful,
chaining increases the risk of error propagation.

Another significant challenge is tool coordination, meaning ensuring tools are invoked in the correct
order and failures are caught early to prevent cascades. Architectures vary significantly in robustness:
some systems fail outright, whereas modular systems may replan and retry parts of the pipeline. Stronger
state management and execution tracing significantly improve reliability in these scenarios [10].

3.2. Selection

Tool selection is a critical component of autonomy and functionality. Without robust and reliable tool
selection strategies, Agentic AIs face overuse leading to reduced efficiency, increased costs, and erroneous
results.

Figure 6: Typical tool workflow in an agentic system: from interpreting user goals, through tool selection
and routing, to executing tools and integrating their outputs back into the agent’s state and plan.



12 A. J. Yousafi, N. Fatima and M. Dik

Figure 7: Defines three key processes in tool use: Selection (choosing the best tools), Routing (deciding
task flows) and Invocation (executing tasks such as API calls and so forth.)

Within these systems, we distinguish clearly between the sequential stages of tool selection, routing
and invocation due to their interchangeable role in tool execution and are depicted in Figure 7. Selection
means the decision-making process that identifies which tool from a given set must be selected for a cer-
tain task or prompt. Selection occurs before action is taken and is worked out from tool affordances and
metadata through the aforementioned processes of heuristics, learning methods, embedding similarities,
and LLM-based reasoning. Routing governs distribution of “where” the task should go after decompo-
sition between various modules, agents or tools. It includes conditional branching, agent delegation, or
task segmentation. It is not necessarily a part of tool selection, and works majorly in multi-agent systems
governed by LLMs. Invocation is the process often used synonymously with function calling that handles
how the tool is called and includes formatting the inputs and outputs, calling the API and handling
results. It is a low-level act that is critical for robust execution and failures here often cascade unless
dealt with by built in safeguards and guardrails.

Tool selection strategies can be generalized into four main types, as shown laid out in Table 3: 1)
embedding similarities, 2) learning-based selection, 3) heuristics, or 4) LLM based intelligence.

Table 3: Tool selection strategies and their respective benefits and limitations.
Selection Type Method Benefit Tradeoff
Rule-based If-then logic Fast, deterministic execu-

tion
Rigid, lacks adaptability

Embedding-
based

Semantic similarity
matching

Scalable, zero-shot gener-
alization

Limited functional
awareness, weak context
binding

Learning-based Supervised training or
RLHF

Learns optimal tool use
over time

Requires training data,
prone to forgetting

LLM-guided Natural language rea-
soning for routing

Flexible multi-step plan-
ning and adaptation

High latency and compu-
tation cost

Learning-based selection typically follows two main approaches. The first is supervised approaches,
in which LLMs are fine-tuned on datasets. The second is reinforcement learning with human feedback
[48,64] in which agents learn which tools to use via rewards-based functions and human feedback [33].
The systems learn tool preferences from the results of reward functions, previous interactions, and system
feedback. Challenges in this method include data scarcity for niche tools and forgetting during updates,
alongside brittleness and opaqueness [33]. Heuristic routing involves rule-based prioritization (cost-
latency trade-offs, percentage thresholds, etc.) This could include having a fallback for API failures,
or retrace steps to avoid error propagation. These work best in resource-constrained environments or
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as fallback mechanisms, as they contradict the principles of the dynamic systems that modern day
Agentic AIs run on. By far one of the most used methods for tool routing and selection is through
LLM intelligence. This is an incredibly flexible and variable method which handles implicit steps by
task decomposition into smaller parts. It allows Agentic AI systems to plan out dynamic multi-step tool
routings and selection. Embedding based tool selection filters optimize based on semantic similarity based
on task descriptions and tool functionalities. Each tool’s metadata (name, description, etc) is converted
into a vector embedding and the user query is embedded into the same space. The highest scoring
tool that surpasses the similarity threshold is invoked. It benefits through zero-shot generalization and
computational efficiency with low latency, promoting scalability, however embeddings face issues with
nuanced functional differences and parameter blindness as well as contextual insensitivity.

Accumulation of errors within the reasoning process may lead to the amplification of problems thus
affecting the quality of results drastically, especially in complex reasoning processes with complex inference
chains or multi-step operations. Backtracking and correcting errors without crashing the entire process
or decreasing efficacy is a major challenge. Complex selection processes increase dynamic overhead and
costs, and limit transparency. These issues pose a significant roadblock in its scalability and widespread
adoption.

3.3. Integration

This subsection covers how Agentic AI systems fully incorporate tool calling into their structure
and execute, alongside integrate, tool responses to overcome limitations to their capabilities. Execution
encompasses the structured process of invocation, whereas integration refers to how tools are interpreted,
assimilated and used to update and feed to the agent.

Invocation Pipeline: Execution mainly occurs through specialized invocation pipelines which includes
the following stages, also illustrated in Figure 8:

• Input Formalization: Converts decomposed tasks and goals into interpretable tool inputs, which
conform to defined schemas, such as API request formats or function call signatures, that have been
fed to it beforehand.

• Tool Calling: The fundamental call that dispatches the formatted input through the interface (e.g.,
APIs) ensuring correct routing and call fidelity.

• Output Capture: Receival of tool responses to the system. These are often messy and unstructured
and captured through predefined I/O streams or response handlers.

• Semantic/Output Parsing: Transforms raw outputs into structured and interpretable data that can
be appended into the agent’s memory and can be used to inform the next immediate actions and
possibly be used for information and input for the next actions.

• Feedback loops: Performs assessment of utility, and success, of tool outputs through error detection,
planning and continuation criteria and other various checks. This aids with backtracking as well as
tool rerouting and replanning when outcomes deviate from expected results.

This invocation pipeline converts fuzzy reasoning and inputs into deterministic tool usage that main-
tain contextual coherence across calls and global states.
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Figure 8: Execution workflow for tool invocation in agentic AI: input formalization, tool calling, output
parsing, semantic integration, and feedback-driven replanning.

Tool outputs after execution often arrive as semi structured or unstructured data streams, such as
JSON texts, HTML fragments or raw text, leading to rigorous parsing procedures before integration.
Modern systems have multi-step parsing processes in which appropriate parsers are used for different
formats and types (e.g., XML, YAML, or CSV) and if the text happens to be plaintext, then regex or
template matchers are applied to extract key elements from text. Some other frameworks use pydantic or
schema validators to ensure smooth workings in which parsed outputs are then matched against expected
tool schemas in which missing or malformed fields are autocorrected or handled depending on the type
of error. The meaning of the parsed output is then processed by “semantic grounding” through which it
is embedded within an agent’s current plan, task state, memory modules (either episodic or semantic) or
its follow-up decision-making logic. Through this process, the tool working is effectively integrated and
blended into tool reasoning and autonomous function.

Table 4: Common memory types in agentic systems and their characteristics.
Memory Type Function Benefit Tradeoff / Example
Semantic Tool schemas and em-

beddings
Fast retrieval and scal-
able access to structured
knowledge

Static representation;
e.g., recommender sys-
tems

Episodic Execution logs and task
history

Enables learning from
failures and behavioral
adaptation

Storage growth is un-
bounded; e.g., conversa-
tion memory

Procedural Cached tool chains Avoids repeated compu-
tation in known work-
flows

Becomes stale or domain-
restricted over time

External Persistent shared storage
across agents

Supports collaboration
and distributed execu-
tion

Network dependency
and synchronization
overhead

Tool-use is closely intertwined with memory and context handling, with some common memory types
being shown in Table 4. As agents interact with dynamic environments and multi-step executions,
memory modules become essential not only to serve as repositories but also as decision-making parts and
for coherence. One foundational distinction within new models in literature lies between short-term and
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long-term memories, an analogy to human cognitive processes. Working memory (short-term) is chosen
to hold recent tool outputs, task states and intermediate reasoning steps, often through a scratchpad
or token mechanism. Four main memory architectures are used in tool augmentations for things such
as overcoming context-window constraints and enabling coherent tool coordination. Semantic memories
[34] store tool schemas (APIs, constraints, affordances) in vector-encodings for retrieval during planning,
while episodic memory logs tool execution records for failure instances and successes [16] and procedural
memory creates caches for optimized tool chaining and reducing redundant computations in familiar tasks.
External memories can also be used for instances such as for distributed structures where persistence and
global states must be maintained.

Robust executions hang on the dependency of an invocation pipeline, which is the combined process
of formatting tool inputs, calling the tool, parsing its output, and integrating the results back into
memory. They must also handle retry logic, fallback strategies and rewind certain steps to catch cascading
errors. For example ToolLLM [56] defines failure types in its metadata and uses error propagation
fallbacks to save itself from errors. Coordination challenges may also persist throughout the process,
especially within multi-agent architectures with distributed execution strategies. CrewAI and other
orchestration frameworks utilize role abstraction and other collaboration/communication strategies to
enable distributed task execution while maintaining global state coherence and avoiding tool conflicts.

Current challenges within integration include issues emerging from ambiguous or fuzzy tool outputs,
error propagation from slight misalignments, computational latency and overhead due to inefficiencies
and the general process, plan incoherence problems and non-deterministic LLM outputs making robust
behaviour difficult to guarantee.

4. Industry and Application Examples

4.1. Research Applications

Literature has shown the ability of LLM-driven tools in aiding research processes. Experimental de-
sign, literature reviews, and report writing are examples of such areas. The most widely used LLM-driven
agents include, LitSearch [73], ResearchArena [76], SciLitLLM [24], CiteME [9], Deep ResearchAgent
[2] and Agent Laboratory [63].

There are apparent limitations when the demands of tool composition and integration become too
high, however. For example, agent Laboratory demonstrates high success rates in areas such as data
preparation and report writing, but showed a marked decline during literature review. This was due
to effective tool selection being in high demand, being used between domain-specific database, citation
searches and verification processes. This outcome reflects the difficulty of automating structured literature
reviews, a high risk in domains such as the biosciences where high volume of resources are required.

4.2. Healthcare Applications

Agentic AI systems work by automating tools for diagnosis, decision support and patient manage-
ment. Systems such as Sepsis Watch [65] which continuously analyzes diverse patient variables (EHRs,
lab results, and medical imaging) to identify patterns altering immediate sepsis. The device automati-
cally combines multiple systems nearly simultaneously to prove medically useful and an example of how
Agentic AI could be potentially used for lifesaving applications. Similarly, PathAI collaborates with
pathologists by pre-screening digital slides to highlight suspicious regions, integrating image analysis,
pattern recognition, and historical patient data to help outcomes. Administrative systems also benefit
from this, as agentic AI automates hospital scheduling, resource allocation, and claims processing which
relieves clinicians from unnecessary overheads and enables them to focus on their patients.

However, unlike several other regions, the use of Agentic AI in lifesaving applications cannot afford
errors. The United States spends 17.6% of its GDP on healthcare [52], with insurance and jobs in this
industry having a major effect on the American economy and the lives of citizens [49]. Furthermore, the
ethicality and legality of autonomous systems within this field is disputed, with legal claims and risks
running high, all amounting to reasons why Agentic AI tools must run on maximum accuracy in this field.
Agentic AI has been shown to reduce diagnostic errors [69], streamline workflows and improve patient
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outcomes and aid in simulation scenario design [3]. However, algorithmic bias and need for extensive
oversight and expertise remains an issue in this field [26,25].

4.3. Environment and Education

In climate science or environmental conservation and management, Agentic AI demonstrates the
capacity to compose and integrate several tools for advanced tasks such as smart climate control [79],
environmental monitoring, sophisticated climate modeling [18] and scientific discovery within the field
[20,79]. These systems dynamically select between heterogeneous data sources including satellite imagery,
sensor networks and simulation models to generate actionable insights and support complex decision-
making. However, limitations in scalability and weak error-recovery mechanisms are some challenges
that this domain of use exposes.

In educational settings, Agentic AI systems have been used to deliver personalized and adaptive
learning experiences [12]. By coordinating tools such as curriculum planners and learner models, these
systems can adjust content and pacing to individual students. This has been show to significantly
improve engagement and learning outcomes [80]. However, this area shows tradeoffs as well. Benefits
are accompanied by concerns related to bias and oversight. Aligning agentic educational systems with
pedagogical goals remains a central challenge. Addressing these issues is essential if agentic AI is to be
deployed responsibly and realize its full potential in educational contexts.

4.4. Business Applications

In organizational settings, agentic AI systems have demonstrated improved efficiency in tasks such as
financial forecasting and customer support with tool usage [61]. Coordinating multiple tools dynamically
is a key advantage of these systems. They reduce manual intervention by invoking databases and com-
munication interfaces for longer processes as well. Empirical benefits include improved task completion
rates and enhanced decision-making skills as compared to non-agentic approaches.

Yet, scalability remains a persistent constraint, as well as larger organizational sizes, deployment
success rates tend to decline. The appeal of agentic systems comes from their ability to improve efficiency,
enable partial automation of workflows and shift roles from operational to human-supervised. This
effectively opens new avenues for revenue. However, these practices are frequently undermined by brittle
tool selection strategies and weak integration protocols in practice. Small execution errors may also
propagate through the pipeline when many different tools and tool types are chained together, leading to
compounding failures that are difficult to troubleshoot and recover from. Addressing these deployment
challenges is therefore necessary for agentic AI access sustained enterprise-wide use.

We can safely analyze that in order to realize the full potential of agentic AI we must overcome
its limitations, ranging from challenges in orchestration to robustness. This observation reinforces the
purpose of our survey aiding in developing methods for reliable methods for tool composition, selection
and seamless integration to develop better, more robust agentic systems.

5. Challenges and Future Directions

This section identifies key challenges faced in the expansion in the field of Tool-Augmented Agentic
AI and outlines some possible future vectors for research in this field.

5.1. Current Limitations

Latency problems that already exist with LLMs are enhanced by tool use [45]. For example, GPT
web searches take several seconds or more, thus disrupting sequentially running workflows. In order to
combat this issue, mitigating overuse and maintaining simplicity and prioritizing effectiveness in tool
metadata is critical to combat this issue.

Tool Bias: Models, being trained by data mostly acquired online, exhibit opinions and characteristics
from the set and thus may develop problematic biases. This extends to AI tools. Within hiring, lend-
ing, healthcare, or policing, agentic tools can amplify biases in datasets. This may lead to systematic
discrimination against minorities or marginalized groups such as biased loan denial or racial profiling.

Tool Overuse and Underuse: Determining when and where to rely on external tools versus internal
knowledge is a critical challenge in the modern day. It is a non-trivial question of balancing efficiency
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with accuracy, and is especially important in agents, which are limited in reliably benchmarking the
boundaries of their own knowledge, Around 30 percent of tool invocations are unnecessary. This severely
increases computational overhead [55]. A model’s overestimation of its own capabilities may lead to the
reverse issue and to tool underuse and underperforming. Fine-grained benchmarks, verbal probing and
uncertainty calibration techniques become essential to tackle these issues.

Lack of Standardized and Effective Benchmarking Methods: Real world scenarios and theoretical
used in benchmarking techniques currently see a gap, although significant progress has been made in this
area. This endangers scalability and generalizability. Furthermore, solid, quantitative and comprehen-
sive evaluation methods are currently lacking in this area. Modern approaches that possess significant
improvements such as ToolEval do not entirely reflect holistically better standards. In order to compre-
hensively test efficiency, precision, cost and practicality, new frameworks are needed.

Security and Privacy Challenges: Within Agentic AI, data privacy and security is a key risk. A
single call can lead to agents potentially revealing sheer volumes of sensitive information. For example,
“Plan a vacation” may entail agents having to check calendars, emails, bank accounts, and personalized
mapping apps. Vulnerability is increased through improved memory management. Furthermore, privacy
cover ups cannot be ensured for every single tool an agent may call. Emergent or inferred data, such
as email histories and more, may be leaked even with privacy protections in place, making traditional
consent models obsolete. Key protections include data minimization to load only necessary information,
strict sandboxing and granular access control, privacy protection techniques such as federated learning,
homomorphic encryption, and differential privacy, and updated regulatory techniques (GDPR, CCPA)
tailored for Agentic AI data flows.

Even though these fields are seemingly the most significant barriers to the reliable use of Tool-
Augmented Agentic AI today, they serve as the most promising directions for the research of tomor-
row. Many of the limitations outlined above can be reframed as opportunities for targeted research and
advancement.

5.2. Future Areas of Advancement

Tool Quality: The effort put into creating tools and their quality directly impacts their performance
[78]. The quality of data descriptions in registries, metadata, and tool design features alongside examples
given are key for proper tool calling. The breadth and accessibility of tools also impacts the range of
user queries a model may be able to answer [40]. However, many existing datasets only cover a limited
number of tools, and they also acquire tools from different sources such as public APIs and platforms like
Hugging Face or OpenAI’s plugin list which offer limited coverage, inconsistent formats and insufficient
domain diversity [28,67,71].

Multi-Modal Tool Learning: A major area of improvement in current research is tool learning from
mediums other than text, including images, audio, 3D and video in order to parse and interpret true
user intent. Therefore, including multi-modality in Agentic AI tool use may aid in generating superior
responses. Wang et al. [77] introduces MLLM-Tool, which is an excellent example theory put into
practice, including multi-modal awareness and interpretation.

Evaluation Benchmarks and Standards: Current tool benchmarks only score models based on the
usage of a few tools. For example, Berkeley’s Function Calling Leaderboard (BCFL) [53] scores using only
four tools at a time, which contrasts practical uses as system accuracy sharply decreases with an increased
number of tools. Moreover, significant research can be made into making unified tool benchmarks that
are reproducible, rigorous and comprehensive and also consider efficiency, precision, cost and practicality
holistically.

6. Conclusion

In this paper, after surveying over 70+ papers, we present a comprehensive survey of Tool-Augmented
Agentic AI. We explored the foundations, recent literature, composition, selection, integration, execution
challenges, and future directions of research. We established that tool augmentation represents not merely
an enhancement, but a fundamental architectural shift that embodies true autonomy, multi-step reasoning
and dynamic external interaction. Through tool-augmentation, they overcome their inherent limitations
of static knowledge, context window constraints and limited execution capabilities. We revealed their
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diverse architectures through our analysis, ranging from planner-based systems to multi-agent hierarchies.
We took apart different selection mechanisms, ranging from LLM-guided reasoning, embedding-based
similarities, learned-policies, and heuristic routing. We noted their overlying tradeoffs in scalability,
accuracy and computational overload. We examined the challenges that tool augmentation faces. This
included result parsing, state management, and error recovery. We noted how this field, despite its
significant progress, faces substantial challenges.

The future of Tool-Augmented Agentic AI points towards increasingly sophisticated, autonomous
systems capable of taking on real-world problems across research, healthcare, business automation, and
beyond. Looking ahead, future vectors of research emerge in improved tool quality, robust and compre-
hensive benchmarking and multi-modal learning and adaptation. By synthesizing the current landscape,
identifying core challenges, and outlining critical research vectors, we hope this survey will serve as a
thorough and invaluable resource for future researchers, policymakers and developers entering this field,
ultimately drawing pathways for future research and deployment of not just powerful, but also reliable,
efficient and ethically sound Tool-Augmented Agentic AI systems in the future.
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