Preprints are preliminary reports that have not undergone peer review.

6 Research Sq uare They should not be considered conclusive, used to inform clinical practice,

or referenced by the media as validated information.

Planning and Evaluation Methods in LLM-Based
Autonomous Workflow Systems: A Comprehensive
Review

Chanuka Bandara Wessin Arachchillage
chanuka, 20222453Riit .ac.lk

Informatics Institute of Technology

Dilini Thamarasee
Informatics Institute of Technology

Prasan Yapa
Kyoto University of Advanced Science

update

Keywords: Large language models, Autonomous workflow systems, Planning methods, Evaluation
frameworks

Posted Date: May 9th, 2026
DOI: https://doi.org/10.21203/rs.3.rs-9460995/v1

License: €© ® This work is licensed under a Creative Commons Attribution 4.0 International License.
Read Full License

Additional Declarations: No competing interests reported.


https://doi.org/10.21203/rs.3.rs-9460995/v1
https://doi.org/10.21203/rs.3.rs-9460995/v1
https://doi.org/10.21203/rs.3.rs-9460995/v1
https://creativecommons.org/licenses/by/4.0/

Planning and Evaluation Methods in LLM-Based
Autonomous Workflow Systems: A Comprehensive
Review

Abstract

Large language models (LLMs) increasingly serve as the cognitive core of
autonomous systems that plan, reason, and execute multi-step workflows across
domains such as software engineering, web automation, enterprise orchestra-
tion, and robotics. While planning methods have advanced rapidly from simple
prompting strategies to multi-agent collaboration and hybrid neuro-symbolic
approaches, the evaluation methodologies needed to assess these systems reliably,
safely, and efficiently remain comparatively underdeveloped. Existing surveys
examine agent architectures, capabilities, or collaborative patterns, but they
do not systematically analyse the relationship between planning methods and
the evaluation practices used to assess them. This paper presents a PRISMA-
guided systematic survey of planning and evaluation methods in LLM-based
autonomous workflow systems to address that gap. The review develops a five-
category planning taxonomy and a five-axis evaluation framework spanning
utility, efficiency, quality, robustness, and safety. A comparative analysis reveals
a persistent planning evaluation misalignment: utility is the only consistently
evaluated dimension across planning categories, whereas robustness, efficiency,
quality, and especially safety receive far less systematic attention. Overall, the
survey finds that the primary bottleneck in the field is no longer the emergence
of new planning methods, but the lack of sufficiently mature evaluation infras-
tructure. By making this disconnect explicit, the review provides a structured
foundation for future research and argues for more rigorous, multidimensional,
and deployment-relevant evaluation standards for autonomous workflow systems.

Keywords: Large language models, Autonomous workflow systems, Planning
methods, Evaluation frameworks

1 Introduction

LLMs have significantly reshaped the landscape of autonomous systems. Transformer-
based architectures [1], scaled to unprecedented model sizes [2] and aligned through
instruction tuning and reinforcement learning from human feedback [3], now increas-
ingly serve as the cognitive core of systems that can reason, plan, and execute
multi-step tasks. These systems are emerging across a wide range of domains, including



software engineering, web automation, enterprise workflow orchestration, and robotics.
As this field has matured, planning methods have evolved beyond simple prompting
strategies toward more structured forms of deliberation, including decomposition-
based reasoning, feedback-driven adaptation, multi-agent coordination, and hybrid
neuro-symbolic approaches. Yet despite this rapid methodological progress, the eval-
uation practices used to assess such systems remain comparatively fragmented and
uneven.

Several recent surveys have examined LLM-based agents from important and com-
plementary perspectives. [4] provide a broad architectural taxonomy of autonomous
agents. [4] examine agent capabilities and broader implications. [5] focuses on mul-
timodal interaction in agent systems. [6] emphasise collaborative workflow patterns
and multi-agent coordination. While these surveys offer valuable overviews of architec-
tures, capabilities, and application settings, they do not systematically examine how
planning methods and evaluation practices relate to one another. In particular, the lit-
erature still lacks a focused synthesis of which planning approaches are being evaluated,
which evaluation dimensions receive sustained attention, and where methodological
misalignment persists between claimed capabilities and actual empirical assessment.

This review addresses that gap by presenting a systematic survey of planning
and evaluation methods in LLM-based autonomous workflow systems. Rather than
treating planning and evaluation as separate themes, the review examines them as
interdependent components of system design. The goal is not only to organise the
diverse planning strategies that have emerged in the literature, but also to assess
how these strategies are evaluated, where current evaluation coverage is insufficient,
and which unresolved issues most strongly limit rigorous comparison and dependable
deployment.

This review is guided by three research questions:

1. What major planning approaches are used in LLM-based autonomous workflow
systems?

2. How are these systems evaluated, including which evaluation dimensions, bench-
mark settings, and empirical practices receive the greatest attention?

3. To what extent are planning innovations aligned with the evaluation methodologies
used to validate them, and what methodological gaps remain?

To address these questions, the review pursues five analytical objectives:

® develop a structured taxonomy of planning methods used in LLM-based autonomous
workflow systems;

® synthesise the major evaluation dimensions and benchmark practices used to assess
these systems;

® analyse the alignment between planning innovations and the evaluation methodolo-
gies used to validate them;

® identify recurring methodological and empirical gaps that constrain progress in the
field; and

® translate these observations into a forward-looking research agenda for more robust
and systematically evaluated workflow-oriented agent systems.



The remainder of this paper is organised as follows. Section 2 describes the review
methodology, including the search strategy, study selection criteria, and the Pre-
ferred Reporting Items for Systematic Reviews and Meta-Analyses (PRISMA) guided
screening process. Section 3 establishes the conceptual foundations required for the
later analysis, including the transition from transformer-based language models to
autonomous workflow systems. Sections 4 and 5 present the planning taxonomy and
evaluation framework, respectively. Section 6 brings these strands together through
comparative synthesis, including planning and evaluation alignment, cross-domain
analysis, and the identification of research gaps. Finally, Section 7 concludes the review
by summarising the main findings and discussing their broader implications for the
field.

2 Methodology

This review follows a structured and reproducible methodology informed by the
Preferred Reporting Items for Systematic Reviews and Meta-Analyses (PRISMA)
framework. In this work, the framework was adapted to suit the fast-moving and inter-
disciplinary nature of research on LLM-based autonomous workflow systems, where
relevant contributions are distributed across peer-reviewed conferences, journals, and
influential preprints. The methodology was designed not only to identify relevant stud-
ies systematically, but also to support the review’s broader analytical goals: deriving
a planning taxonomy, characterising evaluation practices, and identifying evidence
grounded research gaps across the field.

2.1 Search Strategy and Scope

The literature search was conducted across major academic databases and reposi-
tories, including ACL Anthology, IEEE Xplore, Springer Link, OpenReview, arXiv,
and Google Scholar as a supplementary source for citation tracking. The search cov-
ered publications from January 2017 to March 2025. The lower bound was selected to
align with the introduction of the Transformer architecture [1], which established the
foundation of modern LLMs.

Search queries combined terms related to three concept groups: LLM-based agents,
planning, and evaluation. Keywords included terms such as “large language model”,
“LLM”, “agent”, “autonomous”, “planning”, “workflow”, “reasoning”, “evaluation”,
“benchmark”, and “metric”, using combinations across titles, abstracts, and keywords
where supported.

To improve coverage, the database search was supplemented with backward and
forward citation tracking from several influential survey papers in the field [4] [7] [5].
This broader strategy was necessary because relevant studies are distributed across
multiple research communities and often use inconsistent terminology.

2.2 Inclusion and Exclusion Criteria

To maintain a clear and consistent review boundary, explicit inclusion and exclusion
criteria were applied during the screening process. These criteria were designed to focus



the review on technically substantive studies at the intersection of LLM-based agency,
planning, and evaluation, while excluding adjacent work that fell outside the analytical
scope of this review. The criteria used in the screening process are summarised in
Table 1.

The inclusion criteria ensured that selected studies involved LLMs as core reasoning
or decision-making components within autonomous or workflow-oriented systems, and
that they made a meaningful contribution to planning methods, evaluation approaches,
or both. The exclusion criteria removed studies focused solely on non-agentic LLM
applications, single-turn systems, classical planning without LLM integration, or
papers lacking sufficient technical depth.

These criteria were applied to ensure conceptual coherence with the focus of this
review, namely autonomous workflow systems that involve multi-step, goal-directed
task execution supported by LLM-based planning and evaluated through substantive
empirical or methodological analysis.

Table 1 Inclusion and exclusion criteria used during study screening

Criterion Description

Inclusion Criteria

I1. LLM-based
agency

Study involves LLMs as core reasoning or decision-making
components within an autonomous agent or workflow system.

I2. Planning or
evaluation focus

I3. Technical
contribution

I4. Language and
period
I5. Publication type

‘Work addresses planning methods, evaluation approaches, or both in
the context of multi-step, goal-directed task execution.

Study presents empirical results, substantial methodological
contributions, or comprehensive analytical syntheses.

Published in English between January 2017 and March 2025.

Peer-reviewed paper or high-impact preprint with significant
community adoption.

Exclusion Criteria

E1l. Non-agentic
LLM work

E2. Single-turn
systems

E3. Classical
planning only
EA4. Insufficient
substance

E5. Duplicates

Focused exclusively on language modelling or single-capability NLP
tasks without autonomous components.

Question-answering or conversational systems lacking multi-step
execution or environmental interaction.

Symbolic reasoning or classical planning without LLM integration.

Purely conceptual or opinion-based papers without technical depth
or experimental validation.

Where multiple versions exist, only the most complete or formally
published version was retained.




2.3 Screening and Selection Process

Study selection followed a two-stage screening process aligned with PRISMA rec-
ommendations, consisting of screening followed by full-text assessment. The overall
selection process is summarised in Figure 1.
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Fig. 1 PRISMA-adapted study selection flow used in this review. The diagram summarises the
identification, screening, eligibility assessment, and final inclusion of primary studies and supporting
references.

Following the screening and full-text review process, the final corpus comprised
79 papers. Of these, 66 were retained as primary studies for the systematic synthesis,
while 13 were included as supporting references to provide foundational background,
related survey context, or conceptual framing.



This distinction between primary studies and supporting references is methodolog-
ically important. The primary studies form the main evidence base for the planning
taxonomy, evaluation analysis, and cross study synthesis presented in later sections,
whereas the supporting references are used to strengthen conceptual grounding
without being treated as direct analytical evidence in the same sense.

2.4 Data Extraction and Quality Assessment

A structured data extraction process was used to collect consistent information from
each included study. For each paper, key details were recorded regarding bibliographic
information, system characteristics, planning methods, evaluation approaches, and
major findings. This ensured that studies could be compared systematically across
both planning design and evaluation practice.

In addition to data extraction, each study was reviewed qualitatively for method-
ological quality. The assessment considered factors such as experimental rigour,
reproducibility, breadth of evaluation, and the extent to which the reported conclusions
were supported by evidence.

Studies were not excluded only on the basis of quality assessment. Instead, the
quality review was used to inform the interpretation of findings during synthesis, par-
ticularly when identifying stronger evidence, methodological limitations, and recurring
reproducibility concerns across the literature.

3 Foundations

This section establishes the conceptual foundations required to support the analysis
presented in the later sections of this review. It is not intended to provide a comprehen-
sive tutorial on LLMs or autonomous agents, as several high-quality surveys already
serve that purpose [5] [4]. Instead, the objective here is to introduce the key con-
cepts, terminology, and architectural distinctions necessary to interpret the planning
taxonomy (Section 4), evaluation framework (Section 5), and comparative synthesis
(Section 6), which together form the core analytical contributions of this paper.

For clarity, Figure 2 illustrates the conceptual role of this section within the broader
review, showing how the foundations established here support the planning taxonomy
(Section 4), evaluation framework (Section 5), and comparative synthesis (Section 6)
developed in the subsequent sections.

3.1 Large Language Models as Reasoning Engines

The foundation of LLM-based autonomous agents lies in the transformer architecture
[1], whose self-attention mechanism enables the parallel processing of sequential data
and supports the modelling of long-range dependencies more effectively than earlier
recurrent approaches. The rapid scaling of transformer-based language models from
GPT-2’s 1.5 billion parameters to GPT-3’s 175 billion parameters and beyond led to
qualitative changes in model behaviour that were not fully predictable from earlier
scaling trends [2]. Among the most significant of these changes was the emergence
of in-context learning, namely the ability to perform previously unseen tasks from a
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Fig. 2 Conceptual role of the foundations section in the review framework. The figure illustrates
how the conceptual foundations introduced in Section 3 support the three core analytical components
of the review: the planning taxonomy (Section 4), the evaluation framework (Section 5), and the
comparative synthesis (Section 6).

small number of demonstrations without parameter updates [2]. This capability shifted
language models from being primarily task-specific predictors toward functioning as
more general-purpose reasoning systems.

Two subsequent developments were especially important in transforming LLMs
from capable text generators into systems that can support structured reasoning.
First, instruction tuning and reinforcement learning from human feedback (RLHF)
improved alignment between model outputs and user intent, enabling models to fol-
low complex and multi-step instructions more reliably [3]. Second, chain-of-thought
[8] prompting showed that prompting models to produce intermediate reasoning steps
can substantially improve performance on arithmetic, commonsense, and symbolic rea-
soning tasks, with this behaviour appearing as an emergent capability at sufficiently
large model scales. Together, instruction-following and explicit intermediate reason-
ing created the practical conditions under which LLMs could begin to function as
the cognitive core of autonomous agents: they could interpret goals expressed in nat-
ural language, decompose them into reasoning steps, and generate structured action
sequences.

At the same time, it is important to emphasise that LLMs remain fundamentally
probabilistic text generators rather than formally verified reasoning systems. Their
outputs are approximate rather than guaranteed, and they remain vulnerable to hal-
lucination, inconsistency, and context-window limitations. These constraints are not
merely implementation details; they directly shape the planning methods examined
in Section 4. In particular, they help explain why purely neural planning approaches
often perform well in flexible reasoning settings, but why hybrid methods that incor-
porate formal verification or symbolic structure become necessary in domains where
correctness and reliability are critical.

3.2 From Language Models to Autonomous Agents

The transition from a language model that generates text to an agent that acts in
an environment requires more than simply increasing model capability. A standalone
language model can reason about a task in text, but it cannot directly perceive



an environment, maintain persistent memory across interactions, or execute actions
beyond token generation. By contrast, an autonomous agent operates through a
broader perceive reason act cycle: it receives observations from an environment, rea-
sons about possible actions, executes those actions through tools or effectors, and then
incorporates the resulting feedback into subsequent decisions.

A particularly useful formalisation of this distinction is provided by the CoALA
framework [9]. CoALA characterises an LLM-based agent as consisting of four inter-
acting components: a core language model that serves as the reasoning engine, memory
systems that support persistent storage and retrieval, an action space that defines the
operations available to the agent, and a decision-making procedure that determines
how observations are translated into actions. This decomposition is analytically valu-
able because it clarifies that many planning methods differ less in their underlying
components than in how these components are orchestrated. For example, chain-
of-thought [8] prompting primarily alters internal reasoning behaviour, ReAct [10]
changes the sequencing of reasoning and external interaction, and multi-agent sys-
tems distribute the decision-making process across multiple cooperating entities. In
each case, the same broad architectural elements remain present, but the planning
mechanism changes how they are coordinated.

This distinction between LLM-as-tool and LLM-as-agent is also highly consequen-
tial for evaluation. When an LLM is used as a tool, for example, to answer a question,
generate a summary, or produce a code snippet, evaluation is often relatively straight-
forward because the task can be framed as comparing an output to a reference or
rubric. However, once the LLM operates as an agent navigating websites, debugging
software repositories, or managing enterprise workflows, evaluation becomes inherently
more complex. It must account not only for final outcome correctness, but also for
multi-turn interaction, environmental state changes, tool-use behaviour, intermediate
decision quality, and process robustness. This shift in evaluation complexity directly
motivates the framework developed later in Section 5.

3.3 Autonomous Workflow Systems

The focus of this review is a specific subset of agentic systems: autonomous workflow
systems. These are agent architectures that plan and execute multi-step, goal-directed
task sequences in interactive environments. To distinguish them from simpler LLM
applications, this review adopts four defining characteristics.

First, autonomous workflow systems involve multi-step execution. Rather than
producing a single response, the system must carry out a sequence of interdepen-
dent actions. Second, they are goal-directed, meaning that these actions are organised
toward the completion of a specified objective, which introduces an explicit plan-
ning requirement. Third, they are tool-augmented, interacting with external tools,
APIs, databases, or execution environments rather than relying only on text genera-
tion. Fourth, they involve environment interaction, meaning that the system receives
feedback from its operating environment and adapts its behaviour over time.

These four properties distinguish the systems considered in this review from both
conventional LLM applications and classical autonomous systems. Conventional LLM
applications typically produce one-shot outputs without persistent interaction or



external execution. Classical autonomous systems in robotics, by contrast, operate in
physical environments rather than primarily digital ones, although this distinction is
becoming less rigid as embodied LLM agents continue to emerge.

The systems that satisfy all four criteria already span a wide range of application
domains in the recent literature. In software engineering, agents navigate complex
codebases and generate patches across large repositories [11]. In web automation,
agents interact with realistic browser environments to accomplish user-defined tasks
[12]. In enterprise automation, agent systems coordinate actions across multiple organ-
isational tools and business processes [13]. In embodied Al, language-guided agents
plan and act within simulated or semi-physical environments [14]. More recently,
multi-step scientific research assistants have begun to support tasks such as hypothesis
generation, experimental design, and result interpretation.

The diversity of these domains introduces a central tension that runs throughout
this review. Planning methods must be general enough to transfer across heterogeneous
tasks, yet sufficiently structured to exploit domain-specific constraints and affordances.
Likewise, evaluation methods must be standardised enough to support cross-system
comparison, while still remaining ecologically valid enough to capture domain-specific
requirements. How current work negotiates this tension is one of the recurring themes
in the sections that follow.

3.4 Core Architectural Components

Across the autonomous workflow systems reviewed in Sections 4 through 7, four
architectural components appear repeatedly: the core LLM, memory, tool integration,
and retrieval. Understanding these components is important because they form the
substrate upon which different planning methods operate.

The core LLM functions as the main reasoning engine of the system. It interprets
task descriptions, generates intermediate reasoning steps, selects actions, and synthe-
sises outputs from observations, retrieved knowledge, and tool responses. In this sense,
the LLM provides the cognitive backbone of the agent, but its effectiveness depends
heavily on how the surrounding architecture supports and constrains its reasoning.

Memory systems provide persistent storage beyond the immediate context win-
dow of the LLM. Following the taxonomy proposed in CoALA [9], it is useful to
distinguish between working memory (the active context window), episodic memory
(records of prior interactions and experiences), semantic memory (stored factual or
conceptual knowledge), and procedural memory (reusable skills or action patterns).
Different agent systems instantiate these forms of memory in different ways. MemGPT
[15], for example, demonstrated that virtual context management analogous to operat-
ing system memory paging can support effectively unbounded conversational context
by moving information between active and long-term storage. VOYAGER’s skill
library illustrates procedural memory in the form of reusable executable code accu-
mulated over time [14]. Generative Agents use a memory stream and reflection-based
retrieval process to support episodic recall and contextually relevant reasoning over
past events [16]. These memory mechanisms are highly relevant to planning because
they determine what information is available to the system at each decision point.



Tool integration enables agents to act beyond language generation. Early func-
tion calling approaches demonstrated that LLMs could invoke external operations,
but later systems significantly expanded this capability through richer tool-use frame-
works such as HuggingGPT [17] and Gorilla [18]. From a planning perspective, tool
integration fundamentally changes the nature of the action space. An agent that can
query a database, call a web API, execute code, or manipulate files faces a qualitatively
different planning problem from one restricted to textual reasoning alone.

Retrieval and grounding mechanisms connect agent reasoning to external knowl-
edge sources and help mitigate hallucination by grounding outputs in retrieved
evidence. Retrieval-augmented generation (RAG) established the foundational pattern
of retrieving relevant documents before generation in knowledge-intensive tasks [19].
In autonomous workflow systems, however, retrieval is not merely a support mecha-
nism for answer quality; it can also function as a direct input to planning. Retrieved
documentation, prior task traces, domain policies, or external records may all influence
what actions are selected and how workflows are structured.

Finally, these components the core LLM, memory, tools, and retrieval do not oper-
ate independently. Their practical significance emerges through the planning methods
examined in Section 4, which determine how they are orchestrated in a coherent work-
flow. The planner effectively governs which memories are consulted, what information
is retrieved, which tools are invoked, and how these elements are sequenced into goal-
directed action. The evaluation methods discussed in Section 5 then assess whether
this orchestration produces workflows that are not only effective, but also efficient,
robust, and trustworthy.

4 Planning Methods in LLM-Based Autonomous
Workflow Systems

Planning is a foundational capability in autonomous workflow systems because it
enables LLMs to move beyond generic reasoning and produce structured, goal directed
behaviour. In classical artificial intelligence, planning is typically defined as the pro-
cess of selecting a sequence of actions that transforms a system from an initial
state into a desired goal state. In LLM-based autonomous systems, however, plan-
ning becomes significantly more challenging. These systems rarely operate in fully
formalised environments instead, they must plan in open ended, partially observable
settings where goals may be underspecified, relevant context may be incomplete, and
feedback is frequently communicated through natural language rather than formal
state transitions.

This section develops a systematic taxonomy of planning methods based on the
primary studies reviewed in the corpus described in Section 2. From this analysis,
five major categories of planning methods are identified: reasoning-based planning,
decomposition-based planning, feedback-driven planning, multi-agent collaborative
planning, and hybrid planning, as illustrated in Figure 3. The section concludes with
a detailed analysis that highlights recurring patterns, major trade-offs, and broader
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Fig. 3 Taxonomy of planning methods in LLM-based autonomous workflow systems. The taxonomy
is derived inductively from the reviewed literature and groups planning approaches into five major
categories based on their dominant planning mechanism. Example systems and paradigms shown in
each category are illustrative rather than exhaustive.

implications across these approaches, particularly in relation to the evaluation method-
ologies examined in Section 5. Table 2 provides a comparative overview of these
planning categories.

4.1 Reasoning-Based Planning

Reasoning-based planning methods generate plans through structured inference rather
than through iterative interaction with the environment. In this category, the model
produces a plan by internally organising intermediate reasoning steps, without relying
on external feedback during execution. The foundational method is chain-of-thought
(CoT) prompting [8], which encourages the model to produce intermediate reasoning
steps before generating a final answer. This is typically achieved either by providing
exemplar reasoning chains or by using simple instructions such as “let’s think step
by step” [20]. As a result, the model produces multi-step reasoning that has been
shown to improve performance on arithmetic, commonsense, and symbolic tasks. More
importantly, CoT demonstrates that natural language itself can serve as a planning
medium, where each reasoning step functions as an intermediate state within a linear
plan. However, CoT remains an open-loop approach and is therefore vulnerable to
cascading errors, where a mistake in an early step can propagate through the remainder
of the reasoning chain.

This basic mechanism was later strengthened through self-consistency decoding
[21]. Instead of relying on a single reasoning chain, self-consistency generates multiple
independent reasoning paths for the same problem and selects the final answer through
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majority voting. This introduces a limited form of multi-path planning: rather than
committing to one trajectory, the model explores several alternative reasoning paths
and aggregates their outcomes. In practice, this improves robustness while preserving
the simplicity of prompt-based reasoning and without requiring additional fine-tuning.

Although effective, linear reasoning chains are limited in their ability to represent
branching decisions or recover from poor intermediate choices. To address this limita-
tion, later work introduced tree and graph structured reasoning, enabling the model to
explore multiple possible paths, revise earlier decisions, and combine partial insights.
Tree of Thoughts [22] extends CoT by representing reasoning as a tree of intermedi-
ate states. At each step, the model generates several candidate thoughts, evaluates
their promise using model-based heuristics, and selectively expands the most promis-
ing branches through breadth-first or depth-first search. This shifts planning from
simple linear progression to deliberate exploration, allowing the model to compare
alternative partial plans before committing to a final trajectory. Graph of Thoughts
[23] generalises this further by modelling reasoning as a directed graph rather than a
tree. This allows information to be reused across branches, supports iterative refine-
ment of intermediate thoughts, and enables backtracking from unproductive paths.
Compared with tree-based approaches, graph-based reasoning highlights how richer
reasoning structures can improve both planning quality and computational efficiency
by allowing intermediate reasoning states to be shared and revisited.

A related line of work enhances reasoning-based planning by delegating com-
putation to external program interpreters while keeping the LLM responsible for
structuring the reasoning process. Program-Aided Language Models [24] prompt the
model to express its reasoning as executable Python code, which is then run by an
external interpreter. This reduces arithmetic and symbolic errors that often arise in
purely natural-language reasoning. Program of Thoughts prompting [25] extends this
idea by incorporating richer programming constructs such as loops and condition-
als. These approaches are particularly important in the broader planning literature
because they establish executable code as a valid planning representation rather than
merely a computation aid. This idea later becomes central in more explicitly agentic
systems such as VOYAGER [14] and OS-Copilot [26], where code functions not only
as the plan itself but also as a reusable skill artefact.

Overall, reasoning-based planning methods remain attractive because they are sim-
ple to implement, interpretable, and highly flexible across tasks. However, they also
have important limitations. In their linear forms, they struggle to represent branching
dependencies; more generally, they remain constrained by the model’s context win-
dow and lack native mechanisms for adaptation when execution outcomes differ from
expectation. These limitations motivate the more structured and adaptive planning
approaches discussed in the following subsections.

4.2 Decomposition-Based Planning

Decomposition-based planning methods address the complexity of multi-step tasks by
explicitly breaking high-level goals into smaller, structured sub-goals before execution.
Unlike reasoning-based methods, which often generate a single monolithic reason-
ing chain, decomposition-based approaches introduce an explicit task hierarchy that
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organises the planning problem into manageable components. This distinction is espe-
cially important in autonomous workflow systems, where tasks often involve multiple
interdependent stages that require different tools, data sources, or reasoning strategies.

At the prompting level, one of the foundational methods in this category is least-to-
most prompting [27]. This is a two-stage approach in which the model first decomposes
a problem into a sequence of progressively more complex subproblems and then solves
them one by one, using earlier solutions as context for later steps. The key contribution
of this method is that explicit decomposition can improve compositional generalisa-
tion, allowing the model to solve problems that are more difficult than those directly
represented in the prompt examples. Decomposed Prompting [28] extends this idea by
assigning different subtasks to specialised handlers, such as distinct LLM prompts,
external tools, or domain-specific modules. In this setting, the decomposer LLM acts
as a planner that determines both the task structure and the appropriate allocation
of resources. A particularly important insight from this work is that LLMs often fail
more often in structuring the task than in solving the individual subtasks themselves,
highlighting that decomposition is not merely a convenience but a central planning
challenge. Plan-and-Solve Prompting [29] further reinforces this principle by showing
that even minimal planning scaffolding such as instructing the model to first “devise
a plan” before solving can outperform zero-shot chain-of-thought prompting. Taken
together, these methods show that introducing an explicit planning phase, even in
lightweight prompt-based forms, can improve downstream reasoning quality.

These prompting-level ideas are extended more fully in hierarchical agent architec-
tures. OS-Copilot [26] implements a three-layer planning hierarchy in which a Planner
first decomposes the user request into high-level subtasks, a Configurator then selects
the appropriate tools for each subtask, and an Executor carries out the actual tool
invocations at the operating system level. This separation of strategic, tactical, and
operational responsibilities illustrates how hierarchical decomposition can improve
modularity and support stronger task performance in complex environments. Simi-
larly, Generative Agents [16] apply decomposition in a temporal form by constructing
daily plans at a coarse level and progressively refining them into hourly and minute-
level actions. This temporal hierarchy helps maintain long-term behavioural coherence
while still allowing responsiveness to immediate events through memory-informed
replanning.

Overall, decomposition-based methods provide a more structured way to manage
task complexity than purely linear reasoning approaches. By explicitly organising tasks
into subtasks, they improve modularity, compositionality, and coordination across het-
erogeneous resources. However, their effectiveness depends heavily on whether the
model can produce an appropriate decomposition in the first place. If critical subtasks
are omitted, unnecessary branches are introduced, or dependencies are ordered incor-
rectly, the quality of the entire plan can be compromised. In open-loop settings, such
failures are often difficult to detect and even harder to recover from once execution
has begun. These limitations directly motivate the feedback-driven methods discussed
next.
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4.3 Feedback-Driven Planning

Feedback-driven planning methods represent a fundamental departure from open-loop
approaches by interleaving plan generation with execution and using the resulting
observations to iteratively refine the plan. These methods are grounded in the recog-
nition that, in realistic autonomous workflow systems, the consequences of actions
cannot always be predicted reliably in advance. As a result, robust planning often
requires closed-loop adaptation rather than one-shot reasoning alone.

The foundational framework in this category is ReAct [10], which interleaves rea-
soning traces with actions in an alternating thought action observation loop. At each
step, the model generates a thought about the current situation, selects and executes
an action, observes the result, and conditions its next thought on that observation. This
design addresses a major weakness of purely reasoning-based and purely action-based
approaches: reasoning without acting lacks environmental grounding, whereas acting
without reasoning lacks strategic direction. Therefore the ReAct pattern become one
of the most influential architectural templates in subsequent agent research, particu-
larly in systems that rely on iterative tool use and observation-conditioned decision
making.

Reflexion [30] extends this paradigm from within-episode adaptation to across-
episode learning. After each task attempt, the agent generates a verbal reflection
analysing its failures, stores this in episodic memory, and retrieves relevant reflections
on subsequent attempts. This demonstrates that natural language can function not
only as a medium for planning, but also as a mechanism for learning from planning
failures without requiring model weight updates. Inner Monologue [31] introduces an
embodied variant in which the language model receives continuous multi-channel feed-
back, including success detection, passive scene descriptions, and active scene queries.
A particularly important insight from this work is that rich and informative feedback
can substantially compensate for weaknesses in an initial plan. In practice, this sug-
gests that effective environmental grounding may sometimes be more important than
producing a highly polished open-loop plan from the outset. This observation has sig-
nificant implications for workflow system design and is revisited in the comparative
synthesis.

Among full agent systems, VOYAGER [14] provides one of the clearest demonstra-
tions of feedback driven planning at scale. It combines an automatic curriculum that
generates progressively more challenging objectives, iterative code refinement through
execution, error, revision cycles, and a skill library that stores verified code for com-
positional reuse. This illustrates how feedback-driven planning can support not only
short-term correction, but also long-term capability accumulation through reusable
procedural memory. OS-Copilot [26] similarly incorporates execution outcomes into a
broader self-improvement process that supports skill accumulation and reuse.

The strengths of feedback-driven methods including robustness, adaptability, and
the capacity for experiential learning come at the cost of increased computational
expense and a risk of oscillation or thrashing when feedback is ambiguous or noisy.
In addition, these methods are generally easier to deploy in environments where
failed actions can be retried, corrected, or safely compensated for, whereas irreversible
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actions increase the cost of exploratory adaptation. These trade-offs are examined
further in the comparative synthesis.

4.4 Multi-Agent Collaborative Planning

Multi-agent collaborative planning methods distribute the planning problem across
multiple LLM-based agents, each with distinct roles, knowledge, or capabilities. This
approach is motivated by the observation that complex workflows often require diverse
forms of expertise that may exceed the ability of a single agent to maintain coherent
reasoning within a limited context window. By allocating different planning or execu-
tion responsibilities across specialised agents, these systems aim to improve scalability,
modularity, and task coverage.

CAMEL [32] established role-based coordination as a foundational paradigm in
this area, with an AI User responsible for decomposing tasks and an AI Assistant
responsible for proposing solutions through structured turn-taking. This framework
demonstrated that role specialisation can improve both task decomposition and solu-
tion generation, while also revealing characteristic failure modes such as role flipping,
infinite loops, and topic drift. AutoGen [33] generalised this idea by treating conver-
sation itself as the computational mechanism, with flexible agent interaction patterns
and structured conversational coordination. In this view, planning is not confined
to a single reasoning trace, but instead emerges through iterative exchanges among
specialised conversational participants.

More structured multi-agent approaches subsequently emerged through standard
operating procedure pipelines. MetaGPT [34] models software development as a
sequence of well-defined stages populated by specialised agent roles such as prod-
uct manager, architect, project manager, engineer, and QA engineer. Importantly,
each agent produces structured artefacts such as requirement documents, system
designs, and task specifications rather than relying solely on unstructured dialogue.
This document-centred coordination can reduce information loss across conversational
turns and introduces stronger process discipline into the planning pipeline. Chat-
Dev [35] adopts a complementary strategy through chat chains, in which specialised
agents engage in phase-specific dialogues within each development stage. This illus-
trates an alternative design principle in which coordination remains conversational,
but is constrained by stage-specific interaction patterns.

A complementary perspective is provided by Generative Agents [16], which shows
that coordinated behaviour can sometimes emerge even without an explicit cen-
tralised coordination protocol. In that system, multiple agents independently generate
memory-informed hierarchical plans, yet coherent group behaviours still arise through
social interaction, local communication, and shared environmental context. This sug-
gests that multi-agent coherence may, in some settings, emerge from memory and
interaction dynamics rather than from rigid hand-engineered coordination structures
alone.

The effectiveness of multi-agent collaborative planning depends critically on the
design of agent roles, communication protocols, and coordination structures, all of
which often need to be tailored to the target application domain. Consequently,
although multi-agent systems can distribute cognitive load and enable specialisation,

15



they also introduce coordination overhead, communication costs, and additional fail-
ure modes that complicate both deployment and evaluation. These challenges are
revisited in the evaluation framework presented in Section 5.

4.5 Hybrid and Formalized Planning

Hybrid and formalised planning methods integrate LLMs with external formal systems
such as classical planners, symbolic solvers, or domain-specific languages in order to
combine the flexibility of natural language reasoning with forms of correctness or
consistency that purely LLM-based planning cannot reliably provide. This category
directly addresses a recurring limitation in empirical studies: although LLMs can often
describe plausible plans in natural language, they frequently fail to produce formally
valid or executable plans for problems that classical planning or symbolic reasoning
systems can solve more reliably.

A prominent example is LLM+P [36], in which the LLM translates natural
language task descriptions into PDDL (Planning Domain Definition Language) spec-
ifications, a classical planner solves the resulting formal problem, and the LLM then
translates the solution back into natural language. This architecture illustrates a cen-
tral insight: LLMs can be highly effective as translators between human language and
formal planning representations, even when they are unreliable as standalone plan-
ners. Several works extend this idea beyond individual task instances by using LLMs
to generate complete world models or domain specifications in PDDL from natural
language descriptions [37]. In these systems, the LLM supports the formal planning
pipeline by helping construct the symbolic representation itself.

A related but conceptually distinct line of work is represented by RAP [38], which
reframes LLM reasoning as a planning problem by treating the language model as
both a world model and a reasoning agent while using Monte Carlo Tree Search as
the planning algorithm. Rather than simply handing the problem off to an external
classical planner, this approach embeds explicit search structure directly into the infer-
ence process, thereby blurring the boundary between neural reasoning and algorithmic
planning.

Beyond classical planner integration, other systems formalise reasoning through
symbolic solvers and declarative workflow design. LOGIC-LM [39] translates natu-
ral language reasoning problems into formal logic programs that are then solved by
external symbolic solvers. Importantly, it also incorporates a self-refinement loop in
which solver feedback is used to correct translation errors. DSPy [40] extends for-
malisation to the workflow level by allowing users to specify desired language-model
pipeline behaviour through typed input-output signatures, after which the system
compiles these specifications into optimised prompt programs. This is especially sig-
nificant because it suggests that the design and optimisation of agent workflows can
itself be made more declarative, reproducible, and partially automated.

Among the categories reviewed, hybrid methods that rely on external formal solvers
or classical planners can provide the strongest correctness guarantees, provided that
the formal specification is accurate. However, they also impose practical constraints.
They typically require formal domain models that may not exist for many real-world
applications; the translation from natural language to formal specification remains
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error-prone; and classical planners generally assume well-defined state spaces, which
limits applicability in open-ended environments. These correctness and flexibility
trade-offs are considered further in the comparative synthesis.

4.6 Planning Representations

The format in which a plan is expressed its representation has significant implications
for verifiability, executability, and composability. Planning representations therefore
constitute a cross-cutting dimension that spans all five planning categories, and the
reviewed literature reveals several recurring representational forms.

Natural language, used by systems such as CoT, ReAct, and many multi-agent
frameworks, is immediately interpretable to humans and straightforward for LLMs to
generate. However, it remains inherently ambiguous and is resistant to formal verifica-
tion. Code-based or executable procedure representations, employed in systems such
as VOYAGER, PAL, and OS-Copilot, provide a more explicit and directly actionable
form of planning. They also support composability through skill reuse, making them
particularly attractive in agentic environments where plans can be stored, refined, and
recombined over time. Structured task representations, often instantiated in machine-
readable formats such as JSON, are exemplified by systems such as HuggingGPT
[17], which uses explicit task identifiers, dependencies, and arguments to orchestrate
multiple tools and services.

Formal representations such as PDDL and first-order logic, used in systems such
as LLM+P [36] and LOGIC-LM [39], provide the strongest support for validation,
verification, and solver-based optimisation. However, they require well-defined domain
models and are therefore less flexible in open-ended settings. Graph-based represen-
tations, as explored in Graph of Thoughts [23], can encode non-linear dependencies
among reasoning states and thus better support branching, aggregation, and iterative
refinement.

These representational choices reflect a fundamental trade-off between flexibil-
ity and verifiability. Increasingly, the literature points not toward a single dominant
representation, but toward layered or hybrid representational strategies. For exam-
ple, VOYAGER [14] combines natural language for high-level planning with code for
executable skills, while OS-Copilot [26] combines natural language instructions with
structured tool-facing procedures. This suggests an emerging convergence toward rep-
resentation pluralism, in which different representational layers are used for different
stages of the planning pipeline. The implications of representation choice for evaluation
methodology are examined further in Section 5.

5 Evaluation Frameworks and Metrics for
LLM-Based Workflow Systems

If planning constitutes the cognitive backbone of autonomous workflow systems, as
examined in Section 4, then evaluation constitutes their empirical conscience: the
methods, instruments, and standards by which the research community determines
whether these systems actually work. The evaluation of LLM-based autonomous agents
presents challenges that are fundamentally different from those of conventional NLP
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Table 2 Comparative Analysis of Planning Method Categories

Category Representative Core Feedback Key Key
Methods Mecha- Role Strength Limita-
nism tion
Reasoning- CoT, Self-  Structured Open-loop Simple, Cascading
Based Consistency, ToT, inference inter- errors, no
GoT, PAL, PoT without pretable, adapta-
environ- no archi- tion
mental tectural
interac- changes
tion
Decomposition- Least-to-Most, Hierarchical Minimal Manages Incorrect
Based Decomposed task complex- decompo-
Prompting, break- ity and sition is
Plan-and-Solve, down supports difficult
OS-Copilot, Gen- before modular to detect
erative Agents execution tool use
Feedback- ReAct, Reflexion, Interleaved Closed-loop Robust, Computationally
Driven Inner Monologue, plan- adap- expen-
VOYAGER ning and tive, and sive; risk
execu- supports of thrash-
tion with experi- ing
iterative ential
refine- learning
ment
Multi-Agent CAMEL, Auto- Distributed Communicatiolistributes Coordination
Gen, MetaGPT, planning based cognitive overhead;
ChatDev, Genera- through load and role flip-
tive Agents spe- enables ping
cialised speciali-
roles and sation
communi-
cation
Hybrid/Formal LLM+P, LOGIC- Integration Solver/verifier Strongest  Requires
LM, RAP, DSPy, of LLMs correct- formal
World Models with ness domain
classical guaran- models
plan- tees
ners  or
symbolic
solvers

systems. These systems do not merely generate text; they take actions in environments,
coordinate across multiple turns, invoke external tools, maintain internal state over
extended horizons, and produce outcomes whose quality may depend on both objective
correctness and subjective human judgment.

This section presents a systematic analysis of the evaluation landscape for LLM-
based workflow systems. Drawing on benchmark papers, surveys, and system-oriented
studies, the discussion is organised around five core concerns: what is being measured,
how it is measured, where it is measured, what remains difficult to measure, and which
new practices are emerging. The discussion therefore proceeds from core evaluation
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Fig. 4 Evaluation framework for LLM-based autonomous workflow systems. The figure summarises
five core evaluation dimensions identified in the reviewed literature utility, efficiency, quality, robust-
ness, and safety/trust together with representative indicators for each dimension. The listed indicators
are illustrative rather than exhaustive.

dimensions to methodological approaches, benchmark ecosystems, and the principal
limitations of current evaluation practice.

5.1 Core Evaluation Dimensions

Our analysis of the surveyed literature reveals five major evaluation dimensions: utility,
efficiency, quality, robustness, and safety- and trust-related properties. No single study
consistently addresses all five dimensions, and the uneven distribution of attention
across them is itself a notable finding. Figure 4 summarises the multi-dimensional
evaluation framework derived from the review and highlights representative indicators
associated with each dimension.

5.1.1 Utility

Utility concerns whether a system successfully accomplishes its intended task objec-
tive. This is the most widely measured dimension in the literature and typically
appears in the form of task completion rate, success rate, exact match, or environment-
specific functional correctness.

Several influential benchmarks illustrate this emphasis. AgentBench [41] evalu-
ates agents across multiple interactive environments and reports environment-specific
task performance that is subsequently aggregated into overall benchmark compar-
isons, revealing a substantial performance gap between stronger commercial models
and weaker open-source models. GAIA [42] primarily relies on strict answer correct-
ness criteria for realistic, tool-dependent tasks and demonstrates a large gap between
human performance and leading LLM systems. Similarly, WebArena [12] measures
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whether an agent successfully completes realistic web tasks by checking the resulting
state of the environment rather than comparing textual outputs, again revealing a
substantial human-AI gap.

A particularly important development within utility evaluation is the growing
use of execution-based verification. Instead of judging answers through surface-level
text similarity, these approaches determine success by executing the generated out-
put and verifying the actual result. HumanFEval [43] helped establish this principle as
a standard practice in modern LLM code generation evaluation by executing gener-
ated programs against unit tests. The same logic later appears in environments such
as SWE-bench [11], which evaluates whether generated patches resolve real software
issues through repository-level execution and test validation, WebArena [12], which
checks interface and environment states, and 7-bench [44], which verifies task comple-
tion through changes in the underlying task state and domain-specific tool interactions.
Compared with text-only evaluation, execution-based verification provides a much
more faithful measure of whether the agent actually solved the task.

Some benchmarks also refine utility by incorporating multiple difficulty levels. For
example, GAIA [42] shows that performance often degrades sharply as task complexity
increases, indicating that raw success rate alone may conceal important differences in
how systems scale across problem difficulty.

5.1.2 Efficiency

Efficiency concerns the resources required to achieve successful task completion. This
includes cost, latency, number of interaction steps, tool calls, and coordination over-
head. Although efficiency is highly relevant for real-world deployment, it is measured
less consistently than utility.

Several studies provide useful examples. CAMEL [32] highlights the resource impli-
cations of extended role-based multi-agent interactions, including increased token
usage and associated inference cost as dialogue length grows. VOYAGER [14] implic-
itly foregrounds efficiency concerns in long-horizon embodied settings, where iterative
exploration, tool use, and skill acquisition can accumulate substantial computa-
tional and interaction overhead over time. MINT [45] makes an especially important
contribution by analysing turn-level interaction dynamics, showing that tools and
informative feedback improve task success at different rates across successive turns.
This provides a much more fine-grained view of interaction efficiency than aggregate
task-level scores. AutoGen [33] highlights an architectural dimension of efficiency:
while multi-agent collaboration can simplify task decomposition and modularisation,
it may also introduce additional conversational turns and coordination overhead at
inference time.

Despite these advances, systematic cost-quality trade-off analysis remains relatively
rare. Many papers report strong task performance without adequately discussing the
cost required to achieve it, even though deployment decisions in workflow systems
often depend precisely on such trade-offs.

20



5.1.3 Quality

Quality evaluates how well a task is performed beyond binary task success. Two
systems may both complete a task, but one may do so more coherently, more main-
tainably, or in a more interpretable way. Depending on the application domain, quality
may therefore encompass properties such as completeness, readability, maintainability,
coherence, behavioural realism, and overall task refinement.

In software-oriented settings, ChatDev [35] evaluates generated software artefacts
using multi-criteria assessments that go beyond simple task completion, including
properties such as completeness, executability, consistency, and overall output quality.
This offers a richer assessment than simple pass/fail success. In more socially oriented
settings, Generative Agents [16] uses human ratings of believability and behavioural
coherence, showing that architectural components such as memory and reflection can
substantially improve the realism and consistency of agent behaviour.

These examples show that quality is often domain-specific and less standardised
than utility. As a result, many studies rely on composite rubrics, human ratings, or
task-specific proxy measures rather than universally shared metrics. Importantly, these
properties are often not captured by success rates alone.

5.1.4 Robustness

Robustness refers to whether a system continues to perform reliably under varying
conditions, repeated trials, or small perturbations to the task. Although robustness is
crucial for real-world deployment, it remains underrepresented in much of the current
evaluation literature.

One of the most significant recent contributions in this area is the pass® metric
introduced by 7-bench [44]. Unlike the standard pass@k metric, which asks whether
at least one of k attempts succeeds, pass® is designed to capture reliability across
repeated trials by rewarding consistent success over multiple independent runs of the
same task. This distinction is important. A model may appear capable under passQk
while still being unreliable in repeated real-world use. For workflow systems, which
often require consistent operation rather than occasional success, pass® is arguably
more informative.

PlanBench [46] contributes to robustness evaluation in a different way by testing
models across diverse planning domains and capabilities, showing that strong per-
formance on one class of planning problems does not necessarily transfer reliably to
others. Likewise, MINT [45] shows that models with strong single-turn benchmark per-
formance do not necessarily remain reliable in multi-turn settings, where interaction
depth, feedback, and error accumulation place additional stress on system behaviour.
Together, these findings suggest that robustness cannot be inferred from single-shot
success alone.

5.1.5 Safety, Trust, and Alignment

Safety, trust, and alignment concern whether systems behave within acceptable
behavioural, policy, and risk boundaries, and whether users can rely on them appro-
priately in deployment. This dimension is highly important for real-world use, yet it
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remains one of the least systematically evaluated. Within this dimension, safety and
alignment primarily concern constraint-respecting behaviour, whereas trust concerns
whether the system’s behaviour is sufficiently reliable and well-calibrated for users to
depend on it appropriately.

For example, T-bench [44] distinguishes between functional success and compliant
success, showing that an agent may complete a task correctly while still violating policy
or business constraints. This distinction is particularly relevant in enterprise workflow
settings, where correctness alone is insufficient if the system breaks procedural or
regulatory rules.

Trust related concerns are also increasingly discussed in the literature, particularly
in relation to whether users can appropriately rely on agent outputs under uncertainty.
In practice, however, trust is often assessed only indirectly through proxy indicators
such as consistency, compliance, or human ratings, rather than through standard-
ised calibration-oriented benchmarks. More broadly, the current benchmark ecosystem
remains heavily weighted toward utility, with comparatively limited and less standard-
ised coverage of harmful actions, unsafe tool usage, policy violations, and trust-related
behaviour.

The absence of standardised safety, compliance, and trust-sensitive evaluation
frameworks for workflow-oriented agents therefore remains one of the most consequen-
tial shortcomings in the current literature.

5.2 Evaluation Methodologies

Beyond what is measured, it is also necessary to examine how those measurements
are obtained. The surveyed literature reveals four broad methodological families:
benchmark-based evaluation, simulation-based evaluation, human evaluation, and
real-world deployment assessment.

5.2.1 Benchmark-Based Evaluation

Benchmark-based evaluation remains the dominant methodology. In this approach,
agents are tested on standardised task sets with predefined metrics, enabling controlled
comparison across models and methods. Here, benchmark-based evaluation refers to
public or standardised task suites and scoring protocols, even when those benchmarks
are embedded in interactive environments.

Task centric benchmarks such as HumanEwval [43] provide precise, reproducible
measurements for relatively narrow capabilities such as code synthesis. However, for
workflow oriented systems, environment centric benchmarks are often more infor-
mative. AgentBench [41] spans multiple interactive environments, while WebArena
[12] provides a realistic simulated web environment with long-horizon tasks. These
benchmarks better reflect the stateful, interactive, and multi-step nature of real agent
behaviour.

A particularly important methodological trend within this category is the growing
use of execution-based verification. By checking whether the environment or system
state changes as intended, benchmark-based evaluation moves beyond superficial text
matching and becomes more closely aligned with practical workflow execution.
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5.2.2 Simulation-Based Evaluation

Simulation-based evaluation places agents in controlled environments that approxi-
mate real-world conditions while retaining experimental control. This is particularly
useful when direct deployment is impractical or risky. Unlike benchmark-based eval-
uation, which emphasises standardised public task suites and comparable scoring
protocols, simulation-based evaluation focuses on constructing or using controlled
interactive worlds to observe behaviour under richer, often longer-horizon conditions.
Generative Agents [16] is a notable example, evaluating multiple agents in a sim-
ulated social environment to study long-term behavioural coherence, coordination,
and information diffusion. VOYAGER [14] provides another important case, operating
over long durations in an embodied environment and allowing researchers to observe
learning curves, skill accumulation, and cumulative capability development.
Simulation-based methods are especially valuable because they make it possible to
study long-horizon interaction, emergent behaviour, adaptation, and cumulative error
dynamics in ways that static or narrowly task-centric benchmarks often cannot.

5.2.3 Human Evaluation

Human evaluation remains essential for dimensions that are difficult to automate,
especially coherence, naturalness, interpretability, believability, and perceived trust-
worthiness. Importantly, human evaluation is a methodology rather than a dimension:
the same human-centred procedure may be used to assess quality, safety, trust,
usability, or behavioural realism depending on the study.

For example, Generative Agents [16] uses Likert-style believability ratings to assess
how realistic and coherent agent behaviour appears to human observers. Other stud-
ies, including role-based multi-agent frameworks such as CAMEL [32], complement
automated metrics with human judgements or comparative preference assessments
when output quality cannot be captured adequately through task success alone. In
some cases, human expertise enters the evaluation pipeline more indirectly through
expert-authored tasks, curated test suites, or domain-specific rubrics, even when the
final scoring itself is automated.

Despite its importance, human evaluation in this area remains methodologically
inconsistent. Different studies use different scales, evaluator backgrounds, instructions,
and criteria, making cross-paper comparison difficult. This lack of standardisation is
one reason why human-centred properties remain harder to synthesise systematically
than purely functional ones.

5.2.4 Real-World Deployment Assessment

Real-world deployment assessment offers the highest ecological validity but is also the
least common methodology in the current literature. These studies evaluate systems in
production-like or real organisational settings, where agents interact with actual users,
real tools, and naturally occurring task distributions. Explicit real-world deployment
studies remain rare in the current literature, with most work stopping at benchmark
or simulation-based validation rather than reporting sustained operational outcomes
in live settings.
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The few available studies in this category are especially valuable because they show
that benchmark performance does not always translate directly to deployment per-
formance. Distribution shift, edge cases, operational constraints, user behaviour, and
long-tail failure modes often emerge only in realistic settings. As a result, deployment
studies serve as an important corrective to overreliance on benchmark scores.

However, because such studies are costly, difficult to reproduce, and often domain-
specific, they remain underrepresented in the literature.

5.3 Benchmark Landscape

This subsection reviews the principal benchmarks currently used to evaluate LLM-
based autonomous and workflow-oriented agents. Because benchmark design varies
substantially in terms of interactivity, realism, task structure, and evaluation target,
no single benchmark can adequately characterise overall agent capability. Table 3
provides a comparative summary of the most relevant benchmarks discussed in this
survey, including both core workflow-oriented environments and a small number of
specialised supporting benchmarks that are methodologically influential.

Table 3 Representative benchmarks for LLM-based agent evaluation (ordered chronologically by
year of introduction)

Benchmark Year Domain Tasks  Interaction Mode  Key Metric Tllustrative Result / Notable Gap

HumanEval 2021 Code generation 164 Single-turn Established execution-based verification as a methodological standard
GAIA 2023 General QA + tools 466 Multi-step tool use Large human-Al gap, especially on harder levels

PlanBench 2023 Classical planning 600+  Single-turn Plan accuracy LLMs often fail on tasks classical planners solve reli

ToolEval 2023 API tool use 16,000+  Tool invocation W Tool-use compe

AgentBench 2024  Multi-environment 1,360+  Multi-turn interactive Strong models sti

MINT 2024 Reasoning + tool use 586 Multi-turn + feedback cess rate per turn gle-turn rankin

SWE-bench 2024  Software engineering 2,204 Code generation + test ~Resolve rate alistic repositor ar harder than synthetic coding tasks
WebArena 2024 Web navigation 812 Long-horizon web Functional correctness  Strong models remain substantially below human performance

-bench 2024 Tool-agent-user 168 Multi-role interaction  pass* Reliability and policy compliance remain major failure points

Among the most important general interactive benchmarks, AgentBench [41] pro-
vides one of the broadest multi-environment evaluations, spanning settings such as
operating systems, databases, knowledge graphs, games, and web interfaces. A cen-
tral finding is that performance in one environment does not necessarily transfer to
another, indicating that general agent competence cannot be inferred from success in
any single setting. Its failure analysis also highlights long-horizon reasoning as a domi-
nant source of error. GAIA [42] complements this perspective by focusing on practical
intelligence through multi-step questions that require web browsing, tool use, and
reasoning. Although its question-answering format is not identical to full end-to-end
workflow execution, it remains valuable as a workflow-adjacent benchmark for realis-
tic tool-grounded problem solving, especially because its difficulty levels expose how
sharply performance can degrade as task complexity increases.

WebArena [12], MINT [45], and 7-bench [44] are especially important for
workflow-oriented evaluation because they stress sustained interaction under realistic
operational constraints. WebArena provides a simulated web environment in which
agents must navigate websites and complete long-horizon tasks, with success mea-
sured through functional correctness rather than textual similarity. Reported results
suggest that current models struggle with interface hallucination, error recovery, and
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maintaining goal consistency over extended interaction sequences. MINT [45] specif-
ically targets multi-turn interaction under different feedback conditions, including no
feedback, tool-assisted feedback, and informative language feedback. One of its most
important findings is that single-turn rankings do not necessarily predict multi-turn
performance, which has direct implications for deployed workflow systems that depend
on sustained interaction. 7-bench [44] extends this trend by evaluating tool-agent-
user interaction in realistic domains and introducing pass® as a reliability-oriented
metric. Its analysis distinguishes among wrong tool arguments, rule violations, and
partial completions, thereby separating functional capability from policy compliance
and operational robustness.

Domain-specific benchmarks provide particularly strong stress tests for workflow
planning. SWE-bench [11] evaluates agents on real software engineering tasks drawn
from GitHub repositories and reveals a substantial gap between performance on realis-
tic repository-level tasks and performance on synthetic coding benchmarks. Its failure
analysis identifies poor context localisation, weak cross-file reasoning, brittle engineer-
ing behaviour, and limited recovery from partial failure. These weaknesses map closely
to the planning limitations discussed in Section 4, especially around decomposition,
feedback adaptation, and world-model construction. PlanBench [46] is especially rel-
evant to this survey because it explicitly isolates planning as the capability under
evaluation. Using classical planning domains, it shows that even strong LLMs can
struggle on tasks that classical planners solve reliably, providing direct evidence that
planning remains a genuine weakness of current LLM systems and reinforcing the
relevance of hybrid and formalised approaches.

A small number of narrower benchmarks are also methodologically influential.
Although not a workflow benchmark, HumanEval [43] remains important because it
helped establish execution-based verification as a gold standard for functional evalua-
tion, a principle that later shaped more agentic benchmarks such as SWE-bench [11],
WebArena [12], and 7-bench [44]. Similarly, ToolLLM [47] is relevant as a specialised
benchmark for API and tool-use competence, highlighting the importance of evaluating
tool selection and invocation quality separately from end-to-end task completion.

Taken together, these benchmarks reveal a clear progression in the field from
static, single-turn evaluation toward increasingly interactive, tool-grounded, and long-
horizon assessment. As benchmark realism increases, however, performance typically
declines sharply, indicating that many apparent gains on narrow tasks do not trans-
fer cleanly to sustained workflow execution. At the same time, benchmark diversity
creates a comparability problem: different environments emphasise different combi-
nations of reasoning, tool use, planning, memory, and policy compliance, making
cross-benchmark synthesis inherently difficult. This fragmentation reinforces a central
conclusion of the survey: current benchmark ecosystems provide valuable but partial
evidence, and stronger evaluation frameworks are still needed to connect benchmark
performance to real-world reliability, safety, and trustworthiness.
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5.4 Key Evaluation Challenges

Despite substantial progress, the current evaluation ecosystem still contains several
structural limitations that make it difficult to assess genuine progress in workflow-
capable LLM systems. Four challenges are especially significant.

5.4.1 The Capability-Reliability Disconnect

A major limitation of current evaluation practice is that many benchmarks are
designed to measure whether a system can solve a task, but not whether it can do
so reliably across repeated use. Metrics such as pass@k or average success rate are
useful for indicating task-solving capability, but they often obscure whether success is
repeatable, stable, and dependable across repeated trials.

The pass® metric proposed in 7-bench [44] makes this distinction explicit. A model
may achieve a moderate or even strong pass@1 score while still failing to reproduce
correct behaviour consistently across repeated runs of the same task. For workflow
systems, where users often expect repeatable and dependable operation, reliability
may be more important than isolated peak performance. Yet most benchmarks still
report metrics that emphasise capability over consistency.

This creates a risk that current benchmark scores may overstate deployment readi-
ness, particularly when failure frequency, failure severity, and recovery behaviour are
not explicitly evaluated.

5.4.2 Cross-Benchmark Incomparability

A second challenge is the limited comparability across benchmarks. Different bench-
marks use different task distributions, success criteria, metrics, environments, and
evaluation protocols. As a result, scores reported on different benchmarks often cannot
be meaningfully compared without substantial qualification.

For example, a success rate in WebArena [12], a pass@k score in HumanEval [43],
and a normalised score in AgentBench [41] each capture different aspects of system
performance under very different conditions. This makes it difficult to construct a
unified picture of capability across the literature, even when the same model families
are being evaluated.

Table 4 provides an interpretive summary of this issue by mapping benchmark
coverage onto the planning categories introduced in Section 4. Because no benchmark
explicitly labels itself by planning category, the matrix should be understood as an
analytical synthesis based on the dominant planning behaviours each benchmark is
most capable of exposing, rather than as a strict or exhaustive taxonomy.

The matrix suggests a clear asymmetry: feedback-driven methods appear to receive
comparatively broad evaluation coverage, whereas multi-agent and hybrid or formal
planning approaches remain less consistently represented across widely used bench-
marks. This limits the strength of comparative claims across planning categories and
reinforces the need for more balanced, planning-aware evaluation design.
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Table 4 Planning Method x Benchmark Coverage Matrix

Planning Category AgentBench GAIA SWE-bench WebArena MINT 7-bench PlanBench

Reasoning-Based
Decomposition-Based
Feedback-Driven
Multi-Agent

Hybrid /Formal

(ONON NON
0@ e o o
SO MONO)
CHON MONO)
oD e® e
(ONON ONO]
e o0 (e e

e = strongly represented; ® = partially represented; o = weakly or not explicitly represented

5.4.3 The Lack of Longitudinal Evaluation

A third challenge is the scarcity of longitudinal evaluation. Most benchmarks assess
agents on isolated episodes with clear start and end points. However, many workflow
systems are intended to operate over longer time horizons, where they must retain
context, learn from repeated interactions, adapt to changing conditions, and maintain
performance stability. Importantly, longitudinal evaluation is not simply a matter of
longer individual tasks; it concerns whether behaviour remains effective, stable, and
adaptive across repeated or ongoing use over time.

Only a small number of studies provide meaningful evidence in this direction. VOY-
AGER [14] is a prominent example, demonstrating cumulative skill acquisition over
extended operation. Some interactive system papers, such as OS-Copilot [26], also
provide partial evidence by examining performance across repeated task exposure or
iterative interaction, although such evaluations are usually narrower than fully longi-
tudinal studies. These examples suggest that longitudinal evaluation is both feasible
and informative, yet it remains rare in the broader benchmark ecosystem.

Without such evaluation, the field lacks strong evidence about cumulative learning,
stability over time, degradation under drift, and the persistence or amplification of
failure modes during sustained use.

5.4.4 The Process Outcome Gap

A fourth challenge is the gap between outcome-based and process-based evaluation.
Most benchmarks focus primarily on whether a task was completed successfully,
rather than on whether the underlying reasoning, planning, and execution process was
internally sound.

This is problematic because a system may reach a correct outcome through
flawed, brittle, or even hallucinated intermediate reasoning and execution. Such sys-
tems may still receive full credit in outcome based evaluation, even though they are
likely to be more fragile under distribution shift and less suitable for settings where
interpretability, auditability, or procedural compliance matters.

This issue is especially important in workflow systems, where planning traces, tool
invocation decisions, and recovery strategies may all influence whether the system
is safe, explainable, and reusable. As noted in Section 4, a system may compensate
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for weak initial planning through strong feedback-based correction, but outcome-
only evaluation often obscures whether success arose from robust planning, effective
recovery, or merely incidental error compensation.

5.5 Emerging Evaluation Practices

Recent work points toward several emerging practices that may help move the
field from narrow benchmark scoring toward more mature and deployment-relevant
evaluation.

First, there is a growing move toward multi-dimensional evaluation, in which utility,
efficiency, robustness, and safety are treated as complementary rather than reducible
to a single score. This reflects an emerging consensus that workflow-capable agents
require performance profiles rather than one-dimensional rankings.

Second, compositional and ablation-based evaluation is becoming increasingly
important. Studies such as Generative Agents [16] and VOYAGER [14] show that
ablation can reveal the contribution of individual architectural components, such as
memory, reflection, or curriculum learning. This is particularly valuable for the plan-
ning methods reviewed in Section 4, since many systems combine multiple planning
strategies and their relative contributions are otherwise difficult to isolate.

Third, failure taxonomy and structured error analysis are increasingly supple-
menting aggregate scores. Rather than reporting only overall success, studies such as
SWE-bench [11], AgentBench [41], and some interactive system studies such as OS-
Copilot [26] classify failures into categories such as planning errors, execution errors,
context localisation failures, or recovery failures. This provides much more actionable
insight for system improvement.

Finally, reliability-oriented evaluation is beginning to receive more attention.
Metrics such as pass®, repeated-trial consistency, robustness under rephrasing, and
calibrated uncertainty awareness all move the field closer to assessing deployment
readiness rather than benchmark-only capability.

Taken together, these emerging practices suggest a broader methodological shift:
evaluation is gradually moving away from isolated scalar scores and toward richer,
more diagnostic frameworks that better reflect the operational demands of real
workflow-oriented systems.

6 Comparative Synthesis and Cross-Domain Analysis

The preceding sections examined planning methods and evaluation methods as largely
separate bodies of work. This separation reflects not only the organisation of the
present survey but also a broader pattern in the literature itself: planning innovations
and evaluation innovations have often developed in parallel, with limited systematic
attention to how well they align. This section brings these two strands together through
a comparative synthesis that the literature has only rarely attempted explicitly. Specif-
ically, it analyses which planning methods receive which forms of evaluation, compares
how planning and evaluation practices vary across application domains, identifies
evidence-grounded research gaps emerging from this analysis, and distils higher-level
findings that are difficult to observe when planning and evaluation are considered in
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isolation. In this sense, the section constitutes the primary analytical contribution of
the survey.

6.1 Planning & Evaluation Alignment Analysis

The major question motivating this analysis is whether current evaluation methods
adequately test the properties that different planning approaches claim to provide.
If a planning method claims to improve multi-step reasoning, is it evaluated on gen-
uinely multi-step tasks? If a multi-agent architecture claims to improve coordination
efficiency, is coordination efficiency actually measured? These questions are especially
important because planning categories are often motivated by specific intended advan-
tages, yet evaluation frequently remains concentrated on generic task success. To
examine this issue systematically, Table 5 maps the planning categories introduced in
Section 4 against the evaluation dimensions synthesised in Section 5.

As in Section 4, these planning categories are analytic groupings rather than mutu-
ally exclusive ontological classes; several systems exhibit characteristics spanning more
than one category. Likewise, the coverage labels in Table 5 should be interpreted as
a qualitative synthesis rather than a formal meta-analytic count. They reflect the
relative prominence of each evaluation dimension within the representative studies
associated with each planning category, based on the coding framework developed in
Sections 4 and 5.

Table 5 Planning Method x Evaluation Dimension Coverage

Planning Category Utility Efficiency Quality Robustness Safety / Trust
Reasoning-Based (CoT, ToT, GoT, PAL) . ® o ® o
Decomposition-Based (LtM, DP, Plan-and-Solve) . o o o
Feedback-Driven (ReAct, Reflexion, VOYAGER) . ® ® ® o
Multi-Agent (CAMEL, AutoGen, MetaGPT, ChatDev) . o ® o o
Hybrid/Formal (LLM+P, LOGIC-LM, DSPy) . o o ® °

e = substantial coverage, (© = partial coverage, o = limited or no coverage

The matrix reveals a striking pattern: utility is the only evaluation dimension
that receives broad coverage across all planning categories. Every other dimension-
efficiency, quality, robustness, and safety or trust-related properties is at best partially
covered and is frequently absent altogether. Utility dominates largely because it
is the easiest dimension to operationalise: task success rate, pass@Qk, exact match,
and functional correctness are comparatively well defined and often automatable.
Reasoning-based methods are evaluated extensively on mathematical and logical
tasks, feedback-driven methods are commonly assessed in interactive environments,
and multi-agent systems frequently report task completion rates or aggregate output
quality. This abundance of utility-oriented evidence enables broad cross-method com-
parison, but it also obscures whether utility alone is sufficient for comparing planning
approaches that claim advantages along fundamentally different dimensions.

Efficiency is measured only sporadically. Representative examples include reported
monetary or computational cost in systems such as VOYAGER [14] and CAMEL
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[32], as well as per-turn improvement analysis in MINT [45]. However, the sur-
veyed literature rarely offers systematic comparisons of cost-quality trade-offs across
planning categories. Quality beyond binary success is measured primarily as output
or behavioural quality in multi-agent and social-agent settings, such as Generative
Agents’ [16] believability assessments or ChatDev’s [35] composite software quality
metrics, whereas reasoning-based and decomposition-based methods are rarely evalu-
ated on the quality of their reasoning traces or decomposition structures themselves.
Robustness receives partial coverage through metrics such as pass® in 7-bench [44]
and through systematic task variation in PlanBench [46], yet multi-agent systems are
rarely tested for robustness to role instability, communication breakdown, or coordina-
tion failure, despite these being commonly reported failure modes. Safety remains the
most critically underdeveloped dimension: apart from limited policy-compliance dis-
tinctions in 7-bench [44], no planning category is systematically evaluated for whether
it reduces or increases the likelihood of unsafe, non-compliant, or otherwise harmful
actions.

Several method-specific gaps deserve particular emphasis. Decomposition quality
is almost never evaluated as an explicit dimension: a decomposition that yields the
correct final answer through a flawed or inefficient structure typically receives the
same score as one that decomposes the task well. Multi-agent coordination lacks a
standardised benchmark, which makes cross-system comparison more suggestive than
conclusive. Hybrid and formal methods such as LLM+P [36] are often motivated by
the prospect of stronger formal guarantees through classical planner integration, such
as validity or, under appropriate planner settings, solution optimality. However, these
properties are seldom evaluated as distinct end-to-end targets. In practice, evaluation
typically confirms only that the system succeeds on the task, not whether the claimed
formal properties continue to hold under imperfect domain specifications, translation
errors, or partial modelling failures.

Taken together, this alignment analysis suggests that the field has developed much
stronger evidence for whether planning methods can produce successful outcomes than
for whether they deliver the specific advantages they are often claimed to provide.
This mismatch between claimed planning benefits and observed evaluation coverage
represents one of the most important structural weaknesses in the current literature.

6.2 Cross-Domain Comparison

The surveyed literature is distributed unevenly across application domains, and the
dominant planning and evaluation practices vary substantially across them. Table 6
summarises the principal patterns observed across the major domains represented in
the corpus. As with the alignment matrix in Section 6.1, the categories in this table
should be interpreted as a qualitative synthesis of dominant tendencies rather than as
rigid or exhaustive classifications.

Three cross-domain patterns emerge from this comparison, each carrying important
implications for method transfer and system design. First, iterative feedback appears
to be broadly beneficial across domains, but its concrete implementation is highly
domain-specific. In software engineering, feedback is often provided through compi-
lation, test execution, and runtime errors. In web interaction, feedback is grounded
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Table 6 Cross-domain comparison of planning and evaluation practices in the surveyed literature

Domain Dominant Planning Style Dominant Evaluation Key Challenge Evaluation Maturity
Software Engineering Execution-based (test suites, pass¢ Context localisation in large codebases  High

Web Interaction Functional correctness (DOM state) Long-horizon consistency, hallucination  High

Embodied / Robotics Simulation-based (success rate, reward) ~ Sim-to-real tre . Medium

Enterprise / Bus Case studies, task completion Legacy integration, s ion Low

Jas
General-Purpc s Mixed (multi-environment) Benchmark-based (multi-environment) — Cross-e: lisation Medium

Human-AI Collaboration Two-phase (plan-then-execute) User studies (trust, team performance)  Trust calibration, intervention design ~ Emerging

in DOM state changes and interface accessibility. In embodied systems, it emerges
through rewards, sensor states, and environmental consequences. In enterprise automa-
tion, feedback often takes the form of user correction, process validation, or operational
monitoring. The underlying mechanism execute, observe, adapt is therefore recurrent
across domains, yet the literature still lacks a generalised cross-domain framework
for feedback-driven planning that abstracts across these domain-specific feedback
modalities.

Second, multi-step task decomposition emerges as a recurring challenge across
most major domains, yet each domain tends to develop its own decomposition
strategies in relative isolation. Methods originating in mathematical or symbolic rea-
soning are rarely examined for transfer into enterprise workflow decomposition, and
software-inspired structured operating procedures are rarely evaluated as scaffolds
for embodied or interactive task planning. This suggests that decomposition is not
merely a method family but also a potentially transferable design principle whose
cross-domain portability remains largely unexplored.

Third, domain progress appears to correlate more strongly with evaluation
standardisation than with planning sophistication alone. Software engineering, for
example, benefits from comparatively well-operationalised task structures and highly
standardised evaluation through benchmarks such as HumanEval [43] and SWE-
bench [11]. By contrast, enterprise automation frequently presents complex planning
requirements but lacks any broadly accepted evaluation benchmark ecosystem. This
asymmetry suggests that progress in a domain is shaped not only by the sophistica-
tion of its planning architectures but also by the availability of stable, comparable,
and reproducible evaluation infrastructure.

A particularly important observation is that human-AI collaborative planning
introduces evaluation dimensions that are largely absent from other domains. Emerg-
ing work on human-Al collaborative planning, including approaches such as Plan-
Then-FEzecute [48], suggests that transparency of the planning process can materially
influence user trust and that user involvement before execution becomes especially
important in higher-risk tasks. These findings are directly relevant to deployed work-
flow systems, yet trust and collaboration metrics remain largely underrepresented in
standardised agent benchmark ecosystems. This creates a systematic misalignment
between what benchmark ecosystems currently measure and what real deployment
settings often require.

Taken together, the cross-domain evidence suggests that planning innovations are
often more transferable than evaluation practices. While domains repeatedly converge
on similar planning motifs such as decomposition, feedback, and staged execution
their evaluation ecosystems remain fragmented, domain-specific, and unevenly mature.
This fragmentation makes cross-domain learning more difficult and reinforces the need
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for evaluation frameworks that can generalise across application settings while still
respecting domain-specific constraints.

6.3 Method Trade-Off Analysis

The surveyed literature suggests three recurring trade-offs that practitioners and
researchers must often navigate when selecting planning approaches for autonomous
workflow systems. These trade-offs do not imply that one method family is uniformly
superior to another; rather, they highlight why planning-method choice is highly con-
tingent on deployment constraints, evaluation priorities, and the structure of the target
task.

The first is a performance-cost trade-off. This is the most consistently visible trade-
off in the literature, yet it remains among the least systematically quantified. Within
reasoning-based planning, methods such as Self-Consistency [21], Tree-of-Thought [49],
and Graph-of-Thought [23] often improve performance over simpler linear prompting
strategies such as Chain-of-Thought [8], albeit at increased computational cost. More
generally, stronger search, branching, or ensemble-style reasoning tends to require more
model calls, more tokens, and longer inference time. Although some methods partially
improve this frontier through more structured search or pruning, the broader pattern
of cost escalation remains. Across planning categories, however, the performance-cost
frontier remains largely uncharted. For example, the literature still provides little
direct evidence on whether a multi-agent system with several specialised roles is more
cost-effective than a single-agent system with several feedback iterations under an
equivalent computational budget. This gap is especially important because relatively
few papers in the broader corpus report cost metrics consistently, making informed
method selection under budget constraints difficult.

The second is a flexibility-verifiability trade-off. Natural-language plans, such as
Chain-of-Thought [8] traces, ReAct [10] trajectories, or multi-agent conversations,
are highly flexible but inherently difficult to verify in a rigorous or automated man-
ner. Code-based plans, including approaches such as PAL [24], VOYAGER’s [14] skill
library, or executable procedure-oriented systems such as OS-Copilot [26], occupy
a middle ground: they are executable and partially verifiable through testing, but
they do not typically provide formal guarantees. Formal or symbolic plans, such
as PDDL-based pipelines in LLM+P [36] or symbolic intermediate representations
in LOGIC-LM [39], provide the strongest verifiability but are restricted to more
structured and well-specified domains. DSPy [40] points to an adjacent intermediate
design space in which declarative pipeline specification enables systematic optimisa-
tion and partial evaluation without requiring full symbolic formalisation. The practical
implication is that planning-method selection should be aligned with the verification
requirements of the deployment context: safety-critical or auditable workflows often
favour hybrid or formal methods despite reduced flexibility, whereas exploratory or
loosely structured workflows benefit from more flexible planning even when formal
guarantees are unavailable.

The third is a single-agent depth vs multi-agent coordination trade-off. The evi-
dence here is mixed. On the one hand, multi-agent systems can provide substantial
gains through role specialisation, structured collaboration, and division of labour. In
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software-oriented settings, systems such as ChatDev [35] or MetaGPT [34] report
strong gains in output quality relative to simpler baselines. On the other hand, multi-
agent systems also introduce coordination overhead, role instability, communication
failure, and unstable convergence dynamics. Systems such as CAMEL [32] explic-
itly document role-flipping and related coordination pathologies, yet the benchmark
ecosystem still provides almost no controlled comparisons between multi-agent and
single-agent systems under equivalent computational budgets. As a result, the bound-
ary between tasks that genuinely benefit from multi-agent specialisation and those for
which multi-agent overhead is unjustified remains poorly characterised.

Taken together, these trade-offs suggest that planning-method selection in
workflow-oriented systems should be understood less as a search for a universally
best architecture and more as a constrained design choice. Methods that improve per-
formance may incur prohibitive cost; methods that maximise flexibility may weaken
verifiability; and methods that increase collaborative breadth may introduce coordi-
nation burdens that offset their gains. This helps explain why the literature continues
to produce diverse planning architectures without clear convergence on a single domi-
nant paradigm, and it reinforces the need for evaluation frameworks that can compare
such trade-offs explicitly rather than only reporting aggregate success.

6.4 Emergent System-Level Patterns

Two findings emerge from the comparative synthesis that are rarely articulated explic-
itly in individual papers but become visible when planning and evaluation evidence
are examined jointly.

The first is the hallucination cascading problem. Each planning family exhibits
characteristic failure modes that may compound rather than cancel when methods are
combined or when systems operate over longer horizons. Reasoning-based planning
can hallucinate intermediate steps while still producing correct final answers, creating
process failures that remain invisible under outcome-only evaluation. Decomposition-
based planning can generate flawed task structures that omit critical subtasks or
introduce false dependencies, thereby propagating errors to downstream stages. Multi-
agent systems can amplify hallucinations through social reinforcement, whereby a
confident but incorrect assertion from one agent is adopted and further elaborated
by others. Hybrid or formal methods can also fail in a distinctive way when they
generate domain specifications that are internally consistent but factually incorrect,
leading downstream planners to produce plans that are formally valid yet practically
wrong. The broader implication is that the reliability of a complex workflow system
may be bounded by its least reliable component, while interactions among compo-
nents can create emergent failure modes that component-level evaluation alone cannot
detect. Current benchmark ecosystems rarely evaluate this cascading failure property
explicitly.

The second is the feedback quality revelation. Across the surveyed literature, the
quality and richness of the feedback mechanism often appears to be at least as impor-
tant as the sophistication of the initial planning method, particularly in open-ended
or partially observable environments. Several influential systems suggest this pattern.
Embodied and interactive systems such as Inner Monologue [31] and VOYAGER [14]
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show that repeated execution error revision cycles can substantially improve perfor-
mance over initial attempts. Reflerion demonstrates that verbal self-reflection can
improve the effectiveness of a wide range of underlying planning strategies. MINT [45]
further indicates that both tool feedback and language feedback can produce com-
pounding gains across turns. A notable exception is found in hybrid or formal pipelines
such as LLM+P [36], where a sufficiently strong external planner can sometimes suc-
ceed without iterative feedback, although this advantage appears most applicable in
structured, well-specified, and fully observable domains. For the open-ended and par-
tially observable environments that characterise many real workflows, the broader
evidence suggests that investment in feedback infrastructure including environmental
observation, self-assessment, human correction channels, and structured replanning
may often yield greater practical benefit than focusing exclusively on stronger initial
plan generation.

6.5 Summary

The comparative synthesis in this section highlights a field that is advancing rapidly in
the design of individual planning methods, yet remains constrained by a comparatively
underdeveloped evaluation ecosystem. Across the surveyed literature, planning and
evaluation alignment remains uneven, with utility oriented task success still receiving
far more consistent attention than quality, robustness, safety, trust, or process level
assessment. Cross domain comparison further suggests that differences in apparent
maturity are shaped at least as much by the availability of standardized benchmarks
and evaluation protocols as by the sophistication of the underlying planning methods
themselves. At the methodological level, the literature continues to expose unresolved
trade-offs between performance and cost, flexibility and verifiability, and single-agent
depth versus multi-agent breadth, all of which complicate method selection in prac-
tical deployments. Two broader cross cutting insights are especially significant: first,
that failures can propagate across planning components as cascading hallucinations in
compositional systems, and second, that in open ended or partially observable environ-
ments, the richness of feedback often appears to matter more than the sophistication
of the initial plan. Taken together, these findings suggest that the field is approach-
ing a methodological inflection point: future progress is unlikely to be determined
primarily by the invention of additional planning architectures, but by whether the
community can build evaluation frameworks capable of distinguishing genuinely reli-
able workflow competence from superficially strong task performance. In particular,
the next phase of research should move beyond outcome only benchmarking toward
multidimensional and deployment-relevant evaluation that captures robustness under
perturbation, intermediate decision quality, safety and policy compliance, and the cal-
ibration of user trust. From the perspective of this review, the most valuable future
contributions may therefore come not from making agents appear more capable, but
from making their capabilities more measurable, comparable, and dependable.
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7 Conclusion

This paper presents a systematic survey of planning and evaluation methods in LLM-
based autonomous workflow systems. The review is motivated by a central observation:
planning methods and evaluation practices in this field advance unevenly, with sub-
stantial innovation in agent planning architectures but comparatively limited progress
in the methodologies used to assess them. This imbalance creates an important gap
in the literature, as increasingly sophisticated workflow-oriented systems are often
evaluated through narrow or incomplete empirical lenses.

The analysis yields several core findings. First, the reviewed literature reveals
a broad and evolving landscape of planning approaches, spanning reasoning-based,
decomposition-based, feedback-driven, multi-agent collaborative, and hybrid or for-
malised methods. Taken together, these approaches reflect a clear transition from
relatively simple, open-loop prompting strategies toward more adaptive, interactive,
and structurally complex forms of planning. This shift is particularly important
because autonomous workflow systems increasingly operate in open-ended and par-
tially observable environments, where static reasoning alone is rarely sufficient.

Second, the review shows that evaluation practices remain significantly less mature
than planning methods. Across the literature, utility-oriented evaluation dominates,
while robustness, efficiency, quality, and especially safety receive far less systematic
attention. As a result, current evaluation practice is often sufficient to show whether a
system can complete a task under favourable conditions, but insufficient to determine
whether it can do so reliably, safely, or in a way that supports dependable real-world
use. This planning—evaluation misalignment emerges as the central structural issue in
the field.

A further contribution of the review is the identification of broader cross-cutting
patterns that become visible only when planning and evaluation are analysed together.
In particular, the literature suggests that failures in compositional systems may accu-
mulate rather than cancel, meaning that weaknesses in reasoning, decomposition,
coordination, or tool use can interact to create larger systemic risks. At the same time,
the surveyed evidence indicates that the quality of feedback mechanisms often has a
stronger influence on overall system performance than the sophistication of the initial
planning strategy alone. These observations have important implications for future
system design, especially in environments where adaptation and recovery matter more
than one-shot planning quality.

More broadly, the review highlights that the field’s primary bottleneck is no longer
the emergence of new planning methods, but the absence of sufficiently mature eval-
uation infrastructure. Although planning capabilities expand rapidly, the dominant
evaluation culture remains heavily centred on task success, with limited ability to
assess reliability, stability, safety, or process quality in a systematic way. Until evalu-
ation methods become better aligned with the true demands of autonomous workflow
systems, progress remains difficult to compare rigorously and even harder to translate
into trustworthy deployment.

Overall, this survey argues that future progress in LLM-based autonomous work-
flow systems depends not only on better planners, but on better ways of evaluating
planners. By making the relationship between planning design and evaluation practice
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explicit, this review provides a clearer foundation for future research and encourages
a shift toward more rigorous, multidimensional, and deployment-relevant evaluation
standards.
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