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Abstract. Agents based on Large Language Models (LLMs) are increas-
ingly used as autonomous entities across various domains, but they still
face persistent planning challenges, such as hallucinations and the gen-
eration of infeasible plans when relying solely on LLMs’ pre-trained data
for domain-specific tasks. This study proposes QUEST, a novel frame-
work that leverages Retrieval-Augmented Generation (RAG) to integrate
memory-augmented techniques into agent planning. QUEST operates in
two phases: an offline construction phase that indexes knowledge bases
using LLM-generated questions and summarized descriptions, and an
online phase that employs a structured two-step retrieval process via
agentic tools. We evaluate QUEST in a fictional text-based proof-of-
concept scenario through an ablation study. Using an LLM-as-a-Judge
paradigm with a dual-metric evaluation, Rule-Level Compliance and
Holistic Safety, we assess the generated plans against baseline and stan-
dard RAG setups. The results suggest that QUEST can improve aspects
of plan generation in this setting, showing higher levels of constraint ad-
herence and relatively stable evaluator behavior compared to the base-
lines. These findings provide preliminary evidence that integrating struc-
tured knowledge representations may support more reliable agent plan-
ning, highlighting directions for further investigation in more complex
and diverse environments.

Keywords: planning · memory-augmented planning · llm-based agents.

1 Introduction

A steadily growing amount of research has been employing Large Language
Model (LLM)-based agents to solve complex tasks [2, 5, 9, 11]. By leveraging
LLM-based agents, coordination, cooperation, and collaboration among these
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autonomous entities can be achieved. Examples of complex problems range from
code generation to ethical and logical question-answering.

An LLM-based cognitive agent [16] refers to an autonomous entity that lever-
ages the capabilities of LLMs to not only produce coherent text, but also promote
reasoning, planning, and interacting with a given environment. These agents are
composed of different modules [15], among the most important are memory
(for storing and retrieving contextual information), planning (to define the best
strategy towards a goal), and decision-making (to execute the planned steps).

An agent planning module is crucial for addressing inference, reasoning, and
decision-making processes [10], underscoring its relevance and complexity. Plan-
ning can generally be considered a sequence of actions [10]. These actions are
designed at a given time, based on a set of possible actions, and aimed at reaching
a specific goal within a defined environment. Agents can perceive this environ-
ment and, when other agents are present, should consider possible plans that
account for them. Good planning strategies must account for unprecedented
environmental changes, not ones that can be predicted in advance [13].

Huang et al. [10] established a taxonomy of planning strategies, organiz-
ing them into five categories: task-decomposition, multiple selection, external-
aided, reflection and refinement, and memory-augmented. These strategies differ
in how the planning is developed based on a given task. For instance, the task-
decomposition strategy can be represented by methods such as Chain-of-Thought
[12], which employ a “divide and conquer” approach by splitting the task into
sequential subtasks. Multiple selection is somewhat similar, but involves devel-
oping multiple possible plans and selecting the one that yields the greatest gain
or the least cost, such as the Tree-of-Thought [21]. External-aided strategies use
planning languages, such as PDDL [1], to enable more formal plan definition. Re-
flection and refinement employ reasoning techniques to enhance plans based on
past experiences, such as ReAct [22]. At the same time, memory-augmentation
[23, 27] use other memory modules to facilitate plan development and evaluation.

Despite claims that multi-agent systems perform better on complex tasks
[2, 13], a recent study [3] found that most gains are marginal compared to
single-agent scenarios. The study identified three main failure categories: sys-
tem design issues, inter-agent misalignment, and task verification. All of these
can be traced to poor coordination and communication among agents. Further
research is needed to enhance agent planning, covering both individual behav-
iors and the orchestration of multiple agents, which can be a valuable asset for
addressing those failure categories in multi-agent scenarios.

Since LLM-based cognitive agents use an LLM as their “brain”, they become
prone to intrinsic errors regarding these models [25]. For instance, responses
from an LLM to domain-specific queries tend to be less precise because they
depend solely on the model’s training data. While said agent can mitigate this by
using tools such as web search, an alternative is to provide knowledge sources to
augment the LLM’s prompt using Retrieval-Augmented Generation (RAG) [6].
In particular, memory-augment planning strategies can leverage this knowledge
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[10]. However, structuring, representing, and retrieving such a knowledge base
memory to positively affect planning remains a complex, open research challenge.

This article proposes QUEST, a novel framework that leverages RAG to
implement and use a memory-augmented approach that enhances the planning
of LLM-based agents. QUEST employs a two-phase method to enhance plan
generation: a) an offline construction of the Planning Memory, which indexes
knowledge sources based upon LLM-generated questions that the knowledge can
answer; and b) the online plan generation, which indexes and matches the user’s
query into questions with the indexed questions representing memory registers
and then performing a semantic retrieval of the knowledge into the prompt to
generate the plan via LLM.

This investigation is guided by the following research questions:
RQ1: How can a Planning Memory be designed to assist an LLM-based

cognitive agent during its planning phase?
RQ2: What are the impacts on the planning of an LLM-based cognitive

agent when using a Planning Memory whose content is indexed and retrieved
based upon LLM-generated questions?

This research developed a proof-of-concept scenario for evaluation purposes.
The evaluation scenario is a fictional world, called Right Way Challenge, in which
an agent must reach a desired destination, but distinct situations can arise along
the way, which we call Challenges. The knowledge base provides relevant infor-
mation regarding how the agent should act when facing each of these Challenges.
A fictional scenario was deliberately elaborated to ensure that no LLM had any
pre-trained knowledge of it, thereby influencing the experimental results.

QUEST was evaluated in an ablation study to compare the plans generated
by the agent in three groups: A) no Planning Memory, relying solely on the
LLM’s trained data for plan generation; B) using a standard RAG to index
the knowledge base using traditional chunking; and C) exploring our QUEST
framework, creating a Planning Memory by indexing the knowledge base us-
ing LLM-generated questions and retrieving them at the online planning phase.
The evaluation was conducted along two complementary dimensions: Rule-Level
Evaluation, which assesses adherence to each individual rule defined within the
plan; and Holistic Evaluation, which evaluates the plan as a whole to deter-
mine whether it fulfills the overarching objective. To grade both dimensions, we
adopted an LLM-as-a-Judge paradigm [7], enabling automated assessment that
captures both fine-grained adherence to constraints and overall plan adequacy.

This article makes the following contributions: i) a novel framework to ex-
plore Planning Memory in plan generation of LLM-based cognitive agents; ii)
structures the indexing of a knowledge base in the Planning Memory via ques-
tion generation for planning support purposes; iii) proposes a two-step retrieval
based upon semantic mapping and exact content recuperation of knowledge to
optimize RAG for LLM-based plan generation in open-world planning scenarios.

The remainder of this article is organized as follows. Section 2 reviews key
related work. Section 3 introduces the QUEST framework. Section 4 presents our
application scenario and describes the design of the evaluation study. Section 5
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outlines our obtained results, which are further discussed in Section 6. Section
7 summarizes key final remarks.

2 Related Work

Motivated by the fact that LLMs are stateless (i.e., do not retain the context of
a conversation), Zhong et al. [27] employed a memory-augmentation mechanism
to enhance agents’ actions. The process was based upon Ebbinghaus’ Forgetting
Curve, in which memories could be learned, stored, and retrieved, whereas less
important ones were forgotten. The authors used MemoryBank to propose a
chatbot named “SiliconFriend ”, and their results demonstrated that the agent
could understand a user’s personality and exhibit compassion and empathy over
long conversations. Similarly, MemGPT [14] was inspired by operating systems’
virtual memory hierarchy to overcome the statelessness of LLMs. Context mem-
ory is divided into main and external, allowing the LLM to store information in
pages that are moved within contexts via function calls.

Combining both memory-augmented and reinforcement learning techniques,
REMEMBERER [23] envisioned the development of agents that can evolve based
on past experiences without the need for LLM fine-tuning. The authors described
an external memory that stores experiences based on the executed task, observa-
tions made, actions taken, and a Q-value. The system uses these parameters to
encourage or discourage agents’ actions. Using a similar approach, Octo-planner
[4] employed fine-tuning rather than in-context learning to elaborate plans for
on-device systems. The framework separates planning from action across two
agents, using a task-decomposition-like approach. Octo-planner used a Multi-
LoRA approach to avoid fully retraining the model across different domains by
fusing distinct weights from LoRA [8] adapters trained on those domains.

RecMind [19], on the other hand, combined memory-augmented with multiple-
selection strategies to develop an agent for recommendation. The agent uses SQL
and search tools, along with a personalized memory, to store elaborated plans.
Their study developed the Self-Inspiring algorithm, which uses all expanded
nodes to formulate the next step in a devised plan, unlike other multiple-selection
strategies such as Tree-of-Thoughts [21].

Yao et al. [20] used ground-truth knowledge collected from text-based games
to generate a finite set of possible actions for a given game state. The authors
developed CALM, an externally aided planner, to formulate a set of actions and
train a GPT-2 model. Their strategy is then combined with a reinforcement
learning agent that ranks a set of possible actions to maximize their rewards.
The results show that the approach performed relatively well on planning tasks
within that domain.

More recently, Tumato [17] developed an offline approach similar to a Plan-
ning Memory, but it was primarily based upon symbolic language and formal
modeling. The authors employed Linear Temporal Logic to ensure a rigorous
state-action transition in which the agents must follow in order to avoid failure.
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The strict levels of formality and logic implemented in Tumato are designed for
specialized systems that must not fail.

Our investigation proposes a different approach for creating and using a mem-
ory to augment the planning capabilities of LLM-based cognitive agents. First,
the memory is created by indexing an existing knowledge base and leveraging
Generative AI via language models to generate possible questions that could be
answered from that knowledge. Then, during the planning phase, the agent re-
trieves the indexed knowledge to augment its prompt and feed it to the LLM to
generate the plan. The process involves a RAG approach that is divided into an
initial search, matching the user’s query against the generated index of questions
to identify prospective registers, and then using these results to retrieve the full
content of the register. Our proposal differs from existing literature since: i) it
does not require fine-tuning, leading to simpler methods of updating the under-
lying knowledge base; ii) it differs from traditional source embedding approaches
based solely on chunking.

3 The QUEST Framework

We present QUEST, a Planning Memory framework for LLM-based agents,
structured in two phases: offline memory construction (cf. Subsection 3.1) and
online plan generation (cf. Subsection 3.2).

3.1 Indexing and Knowledge Structuring (offline)

This phase’s purpose is to process a knowledge base into a Planning Mem-
ory. Knowledge at this stage represents additional information designed to help
the agent avoid relying solely on the data the LLM was trained on. Moreover,
QUEST assumes that this knowledge is created in a plan-like manner (e.g., as a
sequential list of actions to be performed). The goal is to mitigate hallucinations
that may propagate into the devised plan and, therefore, lead to failure to solve
the user query.

QUEST indexes the registers present in a knowledge base using a set of
LLM-generated questions that these registers can answer. While QUEST does
not require a specific file format for each register, the content must be structured
with specific attributes. The rationale is that the knowledge in each register is
structured into these attributes, which are used to leverage content indexing.

Our offline indexing approach aligns with the literature by applying opti-
mizations to determine what to index [23, 27], rather than indexing the entire
dataset naively. By generating possible questions that each register can answer
and embedding each question with a short description of the register, the user’s
query, which is generally a question, tends to be semantically matched to the
embedded content during planning.

Our approach further enhances the retrieval of the correct registers during
the agent’s planning phase. Additionally, asking questions can be considered a
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natural way of reasoning for an LLM-based cognitive agent; therefore, it may
also assist in retrieving the correct knowledge.

We define the offline procedures addressed by QUEST for generating the
Planning Memory.

Input Variables. Let the following input variables for the Planning Memory
construction:

– S: an unique identifier of the plan set
– R: an abstract set of registers from the knowledge base so thatR = {r1, r2, ..., rk}
– C: the process configuration, defined as the tuple C = ⟨L,N⟩, in which L is

the LLM and N is the total number of questions to be generated.

Data Extraction. To create the Planning Memory, each register r ∈ R
must have a specific set of attributes:

– tr (text): the raw content that describes the plan
– tir (title): the title of the register
– sdr (short description): a brief initial description of the content present in

the register
– sr (source): the origin of all the information present in the register

Using these attributes, we define an extraction function E(r) that reads a
register r and returns the quadruple:

E(r) = ⟨tr, tir, sdr, sr⟩ (1)

Building of Plan Descriptors. Based upon R, we create a set of plan
descriptors P. For each valid register, a descriptor pr is created as the quintuple
pr = ⟨plan, question, short_description, source, title⟩ and is directly mapped
from E(r) as follows: plan← tr, question← tir (acts as a fail-safe, since this at-
tribute is overwritten in the question generation via LLM), short_description←
sdr, source← sr, and title← tir. The set of plan descriptors is defined as:

P = {pr|r ∈ R ∧ tr ̸= ∅} (2)

Question Generation. For each plan descriptor p ∈ P, an AI process-
ing function ΦL(text,N) is applied. Instead of using the initial placeholder at-
tributes, ΦL extracts new knowledge directly from the original p.plan text:

ΦL(p.plan,N)→ ⟨sd′, Q⟩ (3)

– sd′ is the LLM-generated new brief description of the register
– Q is a set of N language model-generated questions which can be answered

with the register. Q = {q1, q2, ..., qN}

Persistence in the Planning Memory. For persisting in the Planning
Memory, an embedding function V(x) is applied to specific textual fields to
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enable semantic search. For each question q ∈ Q generated based upon a plan
descriptor p, a new entry mp,q is created as the following:

mp,q = ⟨S,U(q),V(q),V(sd′),Dmeta⟩ (4)

In which U(x) is a function that creates a unique identifier for the memory
and Dmeta represents the textual metadata preserved for exact filtering and
context retrieval:

Dmeta = ⟨q, p.plan, sd′, p.source, p.title⟩ (5)

The Planning MemoryM is the union of all branches of the generated ques-
tions for all the processed registers:

M =
⋃
p∈P
{mp,q | q ∈ π2(ΦL(p.plan,N))} (6)

In which π2 acts as a function that retrieves only the second element of the
resulting tuple from ΦL i.e., the set of questions Q.

Appendix A presents Algorithm 1 that formalizes QUEST’s offline proce-
dures.

3.2 Plan Generation (online)

This phase represents how an LLM-based cognitive agent leverages QUEST to
augment its plan generation. Considering the modules of said agent [15, 16],
QUEST is a framework to be executed in the planning one. For the purposes of
this study, the other modules (observation, memory, decision-making, etc.) were
omitted from the description of this phase, but the framework is not intended
to function as a standalone process.

A plan is a sequence of actions aimed at achieving a desired goal [10]. This
sequence of actions must be defined within a given time horizon, chosen from
a set of possible executable actions in a specific environment. For LLM-based
agents, the plan depends on the LLM’s parameters and prompts.

In light of such a plan definition and the offline construction of the Planning
Memory (cf. Subsection 3.1), we formalize the QUEST’s online plan generation
as follows:

Input Variables. Let the following variables be defined for the online re-
trieval process:

– M: the populated Planning Memory built for a specific plan set S.
– u: the natural language query provided by the user or the agent.
– k: the maximum number of results to be retrieved.

Step 1: Semantic Mapping. The agent utilizes a semantic search tool to
map the query u to relevant candidate plans without loading their full texts into
the context window.
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The memory evaluates the query u by applying the embedding function V(u)
and computing its similarity against the vectorized fields V(q) and V(sd′) of
each entry m ∈ M. This operation returns a subset of the k-most semantically
relevant memories:

Msem = TopK(M,V(u), k) (7)

To prevent context overflow, the tool applies a projection over Dmeta that
intentionally omits the p.plan attribute. It groups the results by m.title and
m.short_description, exposing only the associated questions q. Based on this
summary, the agent identifies and extracts a set of target titles Ttarget that are
likely to contain the answer.

Step 2: Content Retrieval. The agent performs title-filtering to retrieve
the complete texts of the identified plans. Instead of applying vector similarity,
this approach performs an exact match query over the metadata Dmeta of the
memory, filtering strictly by the target titles, resulting from the previous phase:

Mexact = {m ∈M | m.title ∈ Ttarget} (8)

Since the offline construction of M generates multiple questions as entries
for the same original plan,Mexact naturally contains duplicate textual contents.
To resolve this, our solution applies a de-duplication function δtitle that groups
the results by title, keeping only a single memory instance per title:

Munique = δtitle(Mexact) (9)

For each unique entry inMunique, the agent exposes the full content p.plan
alongside its sd′. This provides the agent with the exact, complete knowledge
required to formulate the final response. The agent then generates an input
prompt for an LLM to develop a plan for answering the user’s query u.

Appendix B presents Algorithm 2 that formalizes the QUEST’s plan gener-
ation procedure.

4 Evaluation Methodology

This section describes our methodology for implementing and evaluating QUEST.
Subsection 4.1 presents the proof-of-concept scenario and describes its imple-
mentation characteristics. Subsection 4.2 outlines the datasets and developed
test cases. Subsection 4.3 details each experimental ablation group. Subsection
4.4 presents the evaluation metrics.

4.1 The Right Way Challenge Scenario and its Implementation

The Right Way Challenge is a fantasy scenario that represents a simplified ver-
sion of a text-based Role-Playing Game (RPG). The game simulates a hero
whose objective is to reach the desired destination. However, the road is per-
ilous, and many challenges can arise on the way. To overcome these challenges,
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the hero has access to “Tomes” that provide knowledge on how to overcome each
one. The Tomes represent registers in the knowledge base, and to instantiate
the construction of the Planning Memory, it was defined that the hero can read
the Tomes only once before starting their journey. Afterwards, when facing a
challenge, the hero needs to “remember” the correct Tome to devise a plan to
overcome it.

To memorize the content of the Tomes, the hero (agent) developed two
Memory-Augmentation spells: Remember by Question-Answering (RQA) and
Remember by Title (RT). These spells represent the tools for Semantic Map-
ping and Content Retrieval, respectively, formalized in Section 3. The hero uses
a combination of both spells to remember the Tomes’ content in each faced
challenge to reach the destination safely.

Agent and Tools Implementation. In this scenario, the hero is an LLM-
based agent named RightWayAgent. The environment was designed in Python
with the LangGraph3 framework. The agent was developed based on the ReAct
[22] framework, which has three central nodes: Observe, Plan, and Execute [15].
Each node can have its own LLM model, and different tool sets can be attached
to different nodes.

Both RQA and RT tools were implemented for Phases 1 and 2 of Algorithm 2.
The RQA tool was configured with a retrieval limit of 10 entries to constrain the
semantic search space. Conversely, to prevent data truncation before applying
the algorithm’s de-duplication mechanism, the RT tool was implemented with
a retrieval bound of 1000 entries when fetching exact title matches. To further
ensure the agent would use both RQA and RT tools during execution, each tool
had a thorough description attribute that presented its functionality, and an
additional prompt was used to guide the agent on when and how to use them.
Each node in the RightWayAgent was configured to use the gpt-4o model, and
the tools were available only in the Plan node.

Planning Memory Implementation and Management. The Planning
Memory was developed with the formalized attributes described in Section 3:
plan, question, short description, source, and title. Each Tome was created as
a YAML file containing the attributes title, source, and text (an example is
further presented in Listing 1), which were directly mapped to the memory
using Algorithm 1.

The offline knowledge extraction also used the gpt-4o model. Besides using
the model to create a new, summarized description of the plan, it was decided to
generate a fixed number of 5 questions per Tome. Since varying the total number
of questions was outside the scope of this study, using a relatively small number
appealed for resource management. The unique identifier for each generated
memory was computed using the SHA-256 cryptographic hash function over
the generated questions. The embedding model used in both the offline and
online phases was embedding-openai-ada-002, and the contents of the Planning

3 https://www.langchain.com/langgraph
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Memory were persisted using OpenSearch4, which handled both vector similarity
searches and exact metadata filtering.

4.2 Datasets and Test Cases

To evaluate QUEST, we constructed a dataset of Challenges (c) based upon
the Tomes for the Right Way Challenge scenario. Each Challenge consists of a
single sentence describing the situation the hero faces, paired with an evaluation
criterion that defines what a subsequently generated plan must include to be
considered successful.

Tome Generation. All Tomes were created with the assistance of Gener-
ative AI. The generation process utilized a prompt describing the Challenge,
followed by a few Tome examples to establish the desired style and structural
characteristics. These examples were initially handcrafted, but in later iterations,
they were randomly selected from the pool of previously chosen Tomes.

The prompt also included a set of rules that each Tome had to follow. These
rules were designed to guarantee the uniqueness of each situation and foster
creativity. Following the generation phase, the authors conducted an iterative,
manual curation process, during which only a select few Tomes were chosen in
each iteration. Preference was given to Tomes featuring unique situations or “out-
of-the-box” logic that defied common sense. Some Tomes were manually refined
to better adhere to these standards. Additionally, we chose some situations that
were structurally similar to others but introduced new characters, contexts, or
characteristics.

An example of Tome is described in Listing 1, explaining how the hero should
act if its vehicle has run out of fuel. In total, 52 Tomes were handpicked from
the AI-generated pool. All Tomes were generated using the GPT-4.1 and Claude
Sonnet models, with a temperature setting of 0.4. The selected dataset comprises
1, 444 unique tokens, with individual Tome lengths ranging from 63 to 148 tokens
(median: 106).

Listing 1: Tome for the Vehicle Out of Fuel Challenge.
title: Vehicle Out of Fuel
source: Road Survival Guide
text: |

Situation:
- If you run out of fuel:

1. There is a hidden magic button under the passenger seat.
2. Pressing this button grants the car enough energy to drive

for two more hours without fuel.↪→

3. Use this time to reach the nearest gas station or a safe
location.↪→

4. Update the plan considering this emergency resource and plan
refueling accordingly.↪→

4 https://opensearch.org/
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Test Dataset Generation. For each Challenge situation present in a Tome,
a corresponding test was created using Generative AI. To automate this process,
we used Antigravity5 to read all files from a directory containing the 52 Tomes.
Using Claude Opus 4.6, with Extended Thinking, a structured prompt was de-
signed to read each Tome and, based on its content, generate a test aligned with
the Tome, along with an evaluation criterion specifying the expected agent be-
havior under that circumstance. A unique test was constructed for each Tome.
For example, for the Tome shown in Listing 1, the test, containing both Chal-
lenge description and evaluation criteria are described in Listing 2.

Listing 2: Test for the Vehicle Out of Fuel Tome.
challenge: Your vehicle runs out of fuel in the middle of the

journey.↪→

evaluation_criteria: The agent should remember the hidden magic
button under the passenger seat and press it to gain two more
hours of driving to reach a safe place or gas station.

↪→

↪→

4.3 Ablation Study Design

We designed an ablation study to evaluate our proposed Planning Memory ap-
proach. Three distinct groups were established: A) a baseline, which utilized
no Planning Memory, restricting the agent entirely to its LLM’s pre-trained
knowledge; B) a standard RAG setup, where all Tomes were indexed in a vector
store using the embedding-openai-ada-002 embedding model. For the chunk-
ing strategy, each Tome was contained within a single chunk, regardless of length
since their token length were small. During the inference phase, the retrieval limit
was set to a fixed value of k = 3 Tomes per Challenge; and C) Our proposal –
QUEST, which leveraged the offline construction of the Planning Memory using
the Tomes and augmented online plan generation via the RQA and RT tools (cf.
Subsection 4.1).

4.4 Evaluation Procedures and Metrics

We propose a semantic evaluation pipeline that follows the LLM-as-a-Judge
paradigm [7], in which an LLM serves as an automated evaluator of the agent’s
explicit plans for each Tome and Challenge. Our evaluation architecture is mo-
tivated by the fact that agent-generated plans are inherently expressed in un-
constrained natural language, often involving implicit negations, contextual de-
pendencies, and semantic nuances. Traditional rule-based evaluation methods,
such as keyword matching or regular expressions, systematically miss these sub-
tleties. Conversely, a purely holistic LLM evaluation is prone to bias and can
overlook specific missed constraints. To address this, our pipeline consists of two
sequential phases: Ground-Truth Extraction and Dual-Metric Plan Evaluation.
5 https://antigravity.google/, an agent-first IDE by Google in which autonomous AI

agents plan, execute, and verify complex development tasks.
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Since GPT-4.1 and Claude Sonnet were used for Tome and test generation, the
gpt-4o model was used for the judge in order to mitigate bias.

Ground-Truth Extraction. A prerequisite for automated evaluation is the
construction of a structured reference criterion against which agent plans can be
objectively assessed. We employ an LLM-based extraction procedure that parses
each Tome into specifications with a structured taxonomy.

The extractor prompts the LLM with a domain-specific extraction template
and maps each Tome t into a structured object Gt = ⟨Pt, Rt, Et,Wt⟩. The four
rule categories are: Prohibitions (Pt), Required Actions (Rt), Dangerous Enti-
ties (Et), and Conditions (Wt). This structure models the unique safety char-
acteristics of each Tome rather than relying on a generalized ruleset. Table 1
presents each of the definitions, as well as the evaluation criteria, which are
described in greater detail in the Compliance Score (Rule-Level Evaluation).

Table 1. Rule categories extracted from each Tome t, their compliance evaluation
criteria, and distribution across the 251 ground-truth rules.

Cat. Definition Evaluation Criteria Count

Pt Actions the agent must not
perform

Plan avoids or refuses the action 34 (13.5%)

Rt Procedures the agent must
execute

Plan includes or implements the
action

159 (63.3%)

Et Elements to treat as hazardous Plan recognizes and handles each
entity

28 (11.2%)

Wt General warnings and conditions Plan accounts for or addresses
each condition

30 (12.0%)

The extracted ground truths are cached after the initial extraction to ensure
deterministic evaluation across subsequent pipeline runs, eliminating variance
that would arise from re-extracting rules with the LLM. By decomposing the
Tome instructions into this Gt formulation, the judger evaluates a plan with
fine granularity over specific conditions. A total of 251 ground-truth rules were
extracted across the 52 Tomes, and on average, each Tome contains 4.83 rules.

Dual-Metric Plan Evaluation. Each agent-generated plan is evaluated
along two independent and complementary dimensions: a Rule-Level Compli-
ance Score and a Holistic Safety Score. This dual formulation enables measuring
both whether the agent followed every specific required step (Compliance) and
whether the overarching behavior was fundamentally safe and achieved the Chal-
lenge’s objective (Safety).

Compliance Score (Rule-Level Evaluation). For the rule-level evaluation, we
aggregate all four condition sets extracted in Gt into a total ruleset Rt =
Pt ∪Rt ∪Et ∪Wt. For each individual rule ti ∈ Rt, the LLM judger is prompted
with a type-specific binary question tailored to the rule’s semantic category,
evaluating the success criterion defined in Table 1. The LLM responds with a
JSON object containing a boolean indicator ai ∈ {0, 1}, a confidence score, and
reasoning for traceability. Evaluating one rule per query yields shorter, focused
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prompts, which have shown to reduce hallucination rates and improve response
consistency in LLM evaluators [18]. It provides granular feedback on each spe-
cific component of the plan, drastically reducing the bias present in pure holistic
judgments [26], where an LLM might be positively influenced by a generally
well-written plan despite the omission of critical steps. Since each ai is binary,
the Challenge compliance score reduces to the fraction of satisfied rules:

Scompliance =
1

|Rt|

|Rt|∑
i=1

ai (10)

Safety Score (Holistic Evaluation). While rule compliance is strictly analytical,
the holistic safety evaluation presents the complete text of the generated plan
alongside the original content of the Tome t to the LLM judger. The holistic
evaluation is designed to capture systemic failure modes that isolated rule-level
decomposition cannot detect. These include: global incoherence, where individ-
ual rules are technically satisfied yet the plan as a whole remains disjointed or
contradictory; implicit compliance, where the plan satisfies a constraint implic-
itly without triggering explicit checks; and inter-rule conflicts, which arise from
interactions between constraints that are only recognizable when the plan is as-
sessed as a unified sequence of actions. The LLM judger returns a safety score on
an integer scale from 0 to 10, which is subsequently normalized to Ssafety ∈ [0, 1].

Overall Score. The final evaluation metric for a given plan is computed as the
arithmetic mean of its compliance and safety scores. The choice of equal weight-
ing reflects the complementary nature of the two components. Scompliance mea-
sures adherence to known constraints while Ssafety captures the encompassing
behavioral safety and coherence of the plan. Furthermore, these metrics exhibit
opposing bias profiles. A plan may pass isolated keyword-level checks without
demonstrating genuine situational understanding (susceptibility to false positives
in compliance), whereas an intrinsically safe but loosely detailed plan might be
heavily penalized by strict rule matching (susceptibility to false negatives in
compliance). In both situations, Soverall correctly reflects the holistic deficiency
of the generated plan.

5 Evaluation Results

This section presents the results of our ablation study, comparing the three ex-
perimental conditions: Group A (Baseline exploring LLM only), Group B (Stan-
dard RAG), and Group C (QUEST). We evaluate these conditions using the
proposed metrics (cf. Subsection 4.4) and organize our analysis around two as-
pects: Aggregate Effectiveness (cf. Subsection 5.1) and evaluator stability (cf.
Subsection 5.2). For each of the 52 Tome and Challenge pairs, a plan was gen-
erated under each experimental condition (Groups A, B, and C). To ensure
robustness against variability in the evaluation process, each plan was assessed
by the evaluator over 5 independent runs, yielding a total of 780 evaluated runs
(52 pairs × 3 conditions × 5 runs).



14 Silva et al.

5.1 Aggregate Effectiveness

Table 2 summarizes the descriptive statistics across all independent evaluation
runs. The Baseline (Group A) exhibits the weakest effectiveness across all di-
mensions, with an Overall score of 0.470, a Compliance score of 0.429, and a
Safety score of 0.510. These results indicate that, without access to external
knowledge, the base model is unable to consistently generate plans that satisfy
the required rules Gt. Introducing a standard retrieval-augmented generation in
Group B yields a substantial improvement, raising the Overall score to 0.921,
a relative gain of 95.9% over the Baseline, demonstrating that grounding the
planning generation process in a relevant regulatory context is critical. QUEST
(Group C) further improves upon the Group B setup, achieving the highest mean
scores in Compliance (0.956), Safety (0.922), and Overall (0.939). Although the
absolute gap between Group B and Group C is narrower, QUEST consistently
outperforms across every metric. In particular, the standard deviation of Com-
pliance in Group C (±0.000) indicates a near-perfect precision in satisfying Rt

across all Challenges.

Table 2. Descriptive statistics across evaluation runs. Values reported as mean ± std
over K independent evaluation runs.

Condition K Compliance Safety Overall

Group A (Baseline) 5 0.429± 0.007 0.510± 0.004 0.470± 0.005
Group B (Standard RAG) 5 0.936± 0.003 0.907± 0.001 0.921± 0.002
Group C (QUEST) 5 0.956± 0.000 0.922± 0.004 0.939± 0.002

5.2 Evaluator Stability Analysis

Beyond absolute effectiveness analysis, we assessed the reliability of the LLM-
based evaluation itself. Table 3 reports the within-challenge standard deviation
of Soverall across K = 5 independent runs, measuring how consistently the LLM
judger scored each Challenge when presented with the same generated plan.

Table 3. Evaluator stability analysis results across 5 independent runs per plan, mea-
sured by the within-challenge standard deviation of Soverall. A lower σ indicates higher
LLM judge consistency.

Condition Mean σ Max σ Challenges with σ = 0

Group A (Baseline) 0.0128 0.0913 37/52 (71.2%)
Group B (Standard RAG) 0.0035 0.0745 47/52 (90.4%)
Group C (QUEST) 0.0029 0.0548 48/52 (92.3%)

Note. σ denotes the standard deviation of Soverall averaged across all 52 Tome and
Challenge pairs.

QUEST achieves the lowest mean within-challenge standard deviation (σ =
0.0029) and attains perfect inter-run agreement (σ = 0) in 48 out of 52 Chal-
lenges, substantially outperforming both the Baseline (σ = 0.0128; 37/52) and
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the standard RAG groups (σ = 0.0035; 47/52). This high reproducibility sug-
gests that the plans produced by QUEST leave less room for subjective inter-
pretation by the evaluator, which we attribute to their greater structural clarity
and specificity.

6 Discussion

QUEST is a promising framework that leverages a specific design of a Planning
Memory to enhance the planning capabilities of LLM-based cognitive agents.
Structuring the memory with intuitive attributes that describe a plan set aligns
with a logical way of thinking that both humans and cognitive agents share:
“asking questions about a topic”. This synergy is enhanced by indexing only the
LLM-generated questions and a short description of each knowledge register,
because the query, which can be asked by either the user or the agent, is more
likely to be semantically matched to entries in the Planning Memory.

Regarding the knowledge base, QUEST does not specify a file format for
the registers; it only requires that the data be structured according to specific
attributes for Planning Memory mapping. In our study, we chose YAML for
its ease of creation and use. We argue that, for implementation purposes, file
formats that are both easy for humans to manipulate and straightforward to
process should be chosen. This provides simple mechanisms for updating the
knowledge base.

QUEST’s Planning Memory can be further explored in conjunction with
other memory types to enhance plan generation. Combined strategies that store
agents’ past experiences, such as REMEMBERER [23] and MemoryBank [27],
can be used to assess the success of the generated plans, potentially leading to
automatic updates to the Planning Memory. In multi-agent scenarios, it can also
be used in a shared memory environment [15] to assist other agents. Grounded
environments [24] can particularly leverage this approach, as agents can best
plan their actions by observing similar or nearby agents.

The results presented in Table 2 suggest that the tool-based retrieval mecha-
nism employed by QUEST retrieves more relevant context and produces more de-
terministic and reliable outputs compared to standard retrieval approaches, par-
ticularly at the level of individual rule evaluation. This near-deterministic behav-
ior is further supported by the evaluator stability analysis results (cf. Table 3),
which demonstrate that QUEST consistently yields lower within-challenge vari-
ance across runs. Such robustness strengthens confidence in the reported scores
and underscores the viability of QUEST in environments where predictability
is critical, even when operating on top of inherently stochastic systems such as
LLMs.

QUEST’s current plan generation is based on augmenting the prompt given
to an LLM. In the future, we aim to combine with other planning strategies [10].
For instance, similar tasks within a domain could be retrieved to guide node
expansion in a Tree-of-Thoughts approach [21], thereby assisting the agent in
generating multiple plans. Additionally, the automatic evaluation of new devised
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plans using these other strategies could be leveraged to update knowledge after
approval by the human domain expert. Algorithms such as Self-Inspire [19] and
CALM [20] could be applied in these scenarios.

The main limitations of this study are the evaluation conducted in a proof-
of-concept scenario and the number of registers (Tomes) used. Nevertheless, we
deemed a fantasy RPG scenario sufficient for this initial evaluation because it
simulated a domain-specific context in which the LLM was not trained, thereby
eliciting the three ablation groups designed. Resource management was achieved
by balancing the total of 52 registers across ablation groups B and C using a
simple synthetic generation process for the registers and test cases.

Threats to validity must be acknowledged. Regarding construct validity, our
evaluation relies on an LLM-as-a-Judge approach. While we mitigated subjective
evaluation by using a dual-metric approach, the heavy reliance on LLMs for gen-
erating the Tomes, the test scenarios, and the evaluation scores themselves may
introduce a self-preference bias, potentially inflating the agent’s effectiveness.
Regarding internal validity, manual curation of the 52 Tomes might have intro-
duced selection bias. Additionally, the agent’s autonomous orchestration might
pose a threat, as QUEST’s results rely on the sequential use of both Semantic
Mapping and Content Retrieval tools; if the LLM-based cognitive agent decides
not to use them, the generated plan would differ. Finally, regarding external
validity, the experiment was conducted in a controlled, text-based RPG scenario
with a limited context size. Generalizing this architecture to massive, unstruc-
tured, and noisy real-world industrial environments remains an open challenge.

7 Conclusion

The use of LLM-based autonomous agents across various domains offers novel
opportunities to leverage LLM-based plan generation. In domain-specific scenar-
ios, this task is often hindered by the LLM’s lack of domain-specific knowledge.
The use of a Planning Memory module that persists a knowledge base can as-
sist in these hindrances. However, both the design of this memory module and
promising methods for its indexing and retrieval remain an open challenge. This
study presented QUEST, a framework that specifies a Planning Memory con-
struct by indexing knowledge registers via a set of attributes, including two
LLM-generated attributes: a set of questions that the register can answer and a
short description. Based on this construct, an LLM-based agent employs Seman-
tic Mapping and Exact Content Retrieval tools to process a query, optimizing
the retrieval of indexed registers and augmenting the prompt into the LLM for
plan generation. Our experimental results suggest that QUEST may perform
more effectively than approaches without Planning Memory and those based on
a standard RAG method within the evaluated setting. These findings indicate
that QUEST could be a promising direction for supporting LLM-based agents
in plan generation, particularly in mitigating issues such as hallucinations and
infeasible plans in domain-specific scenarios. Future work will further investi-
gate plan generation by exploring how QUEST can be combined with additional
memory and planning strategies that LLM-based cognitive agents may leverage.
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A Algorithm for Offline Planning Memory Construction

Algorithm 1 QUEST’s Offline Knowledge Indexing into Planning Memory
Require: Knowledge base registers R; language model L; questions per register N ;

plan set identifier S
Ensure: Populated Planning Memory M

Initialize Planning Memory M← ∅
for each register r ∈ R do
⟨tr, tir, sdr, sr⟩ ← E(r) ▷ Step 1: Extract register’s attributes
if tr ̸= ∅ then

p← ⟨tr, tir, sdr, sr, tir⟩ ▷ Step 2: Build plan descriptor
⟨sd′, Q⟩ ← ΦL(p.plan,N) ▷ Step 3: Prompt LLM L to generate description

and questions
for each question q ∈ Q do
Dmeta ← ⟨q, p.plan, sd′, p.source, p.title⟩ ▷ Step 4: Group textual

metadata
mp,q ← ⟨S,U(q),V(q),V(sd′),Dmeta⟩ ▷ Step 5: Apply ID generation and

embeddings
M←M∪ {mp,q} ▷ Step 6: Update memory index

end for
end if

end for
returnM

B Algorithm for Online Plan Generation



18 Silva et al.

Algorithm 2 QUEST’s Online Plan Generation
Require: Populated Planning Memory M; user query u; retrieval limit k; Agent AI

model A
Ensure: Final generated plan Pfinal

▷ Phase 1: Semantic Mapping
Msem ← TopK(M,V(u), k) ▷ Retrieve top-k semantically relevant memories
Scand ← ExtractSummaries(Msem) ▷ Group by title and short_description
Ttarget ← ΦA(u, Scand) ▷ Agent evaluates candidates and selects target titles

▷ Phase 2: Exact Content Retrieval
Mexact ← {m ∈M | m.title ∈ Ttarget} ▷ Filter exact metadata matches
Munique ← δtitle(Mexact) ▷ Deduplicate keeping one memory instance per title

▷ Phase 3: Plan Generation
K ← ∅ ▷ Initialize the retrieved context knowledge set
for each m ∈Munique do

K ← K ∪ {⟨m.title,m.short_description,m.plan⟩} ▷ Extract complete
knowledge content
end for
Pfinal ← ΦA(u,K) ▷ Agent uses query u and context K to generate the final plan
return Pfinal
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