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Abstract

Large Language Models (LLMs) possess remarkable gen-
erative capabilities but are fundamentally constrained by
their static, pre-trained knowledge. This paper introduces
a novel theoretical architectural framework for an agentic
LLM system designed for self-directed knowledge acquisi-
tion. The proposed system aims to autonomously identify
its knowledge gaps, explore external information sources
such as the World Wide Web, rigorously validate acquired
data, and integrate new, verified knowledge into an ac-
cessible, modifiable external repository. Crucially, this
conceptual proposal is designed to operate without direct
human intervention in the core acquisition loop and, criti-
cally, without altering the LLM’s underlying parametric
weights. The framework delineates seven key conceptual
components: a “Curiosity Service” for identifying knowl-
edge lacunae, a “Subconscious Mind” for temporary con-
cept storage, an “Agentic Web Exploration” module for
information retrieval, an “Ingestion and Processing” unit
for data extraction, a multi-stage “Validation Pipeline”
for ensuring data integrity, a “Data Admissibility Rules”
engine for filtering, and a “Long-Term Memory” based
on Graph-Retrieval Augmented Generation (Graph-RAG)
for persistent knowledge integration. This paper details
the proposed architecture, its theoretical underpinnings,
conceptual operational dynamics, and potential challenges,
positioning it as a visionary roadmap for future research
in continuously learning AI systems. While foundational
aspects of certain components are considered prototypable
with current technologies, full empirical validation of the
integrated, autonomous system represents a significant
undertaking beyond the scope of typical independent re-
search resource limitations.

Keywords: autonomous learning, knowledge acquisi-
tion, curiosity-driven exploration, Graph-RAG, continual
learning, agentic AI, knowledge graphs, validation pipeline

1 Introduction

1.1 The Imperative for Autonomous Life-
long Learning in LLMs

Large Language Models (LLMs) have demonstrated re-
markable capabilities in understanding and generating
human-like text, performing a wide array of natural lan-
guage tasks. However, their efficacy is often constrained
by the static nature of their pre-trained knowledge. A
significant challenge is the “knowledge cutoff,” meaning
LLMs remain unaware of information or events that have
transpired since their last training iteration. This inherent
limitation curtails their utility in dynamic environments
where access to current information is paramount.

Furthermore, LLMs are susceptible to “hallucinations”—
the generation of outputs that are plausible-sounding yet
factually incorrect or nonsensical, particularly for topics
underrepresented or absent in their training corpora [Man-
akul et al., 2023]. The inability to dynamically incorporate
new, verified information without resorting to resource-
intensive and costly retraining or fine-tuning processes
represents a substantial bottleneck in their evolution and
practical deployment. There is a clear need for LLMs
to adapt to new information and evolving domains to
maintain their relevance and accuracy.

1.2 A Vision for Self-Directed Knowledge
Acquisition

This paper delineates a vision for an agentic LLM sys-
tem capable of self-initiated, self-directed knowledge ac-
quisition. The core concept is an LLM agent that can
autonomously identify its own knowledge lacunae, actively
acquire new information through autonomous exploration
of external sources like the World Wide Web, rigorously
validate this acquired information for accuracy and bias,
and subsequently integrate it into an accessible and modi-
fiable external knowledge repository.

A crucial design principle of this envisioned framework
is that this knowledge acquisition paradigm operates with-
out direct human intervention in the acquisition loop
and, importantly, without necessitating alterations to the
LLM’s core parametric weights. This approach signifies a
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Figure 1: Graphical Abstract. The proposed seven-component framework for self-directed knowledge acquisition
in agentic LLMs. The system autonomously identifies knowledge gaps via a Curiosity Service, stages concepts for
exploration, retrieves and validates information from the web, and integrates verified knowledge into a Graph-RAG
Long-Term Memory—all without modifying the LLM’s parametric weights.

departure from traditional supervised learning paradigms
and many continual learning frameworks that often de-
pend on predefined datasets or explicit supervisory signals
for parametric updates [Wang et al., 2024b]. “Learning,”
in this context, manifests as the autonomous expansion,
structuring, and refinement of an external knowledge base
that the LLM can query and reason over, effectively aug-
menting its operational knowledge without modifying its
intrinsic parametric understanding.

1.3 Theoretical and Architectural Contri-
butions

The primary contributions of this work are conceptual
and aim to stimulate further research:

1. A novel, modular seven-component architecture is pro-
posed, outlining a systematic approach to autonomous
knowledge acquisition, from gap identification to inte-
gration.

2. The framework integrates established theoretical con-
cepts from curiosity-driven learning, agentic AI, knowl-
edge representation, and automated validation tech-
niques into a cohesive system design.

3. A specific mechanism is proposed for how LLMs might
achieve continuous learning and adaptation primarily
through the curation and utilization of an external,
structured knowledge base, thereby circumventing the
need for parametric retraining for knowledge updates.

4. The paper identifies key operational dynamics, inher-
ent challenges, and critical future research directions

necessary for the potential realization of such advanced
autonomous learning systems.

1.4 Paper Roadmap

The remainder of this paper is structured as follows: Sec-
tion 2 explores the theoretical foundations underpinning
the proposed system. Section 3 details the proposed seven-
component system architecture. Section 4 discusses con-
ceptual operational dynamics. Section 5 outlines theoreti-
cal approaches to self-correction and adaptive refinement.
Section 6 positions the proposed system relative to existing
learning paradigms. Section 7 presents a visionary evalua-
tion framework. Section 8 addresses theoretical scalability.
Section 9 discusses broader implications and ethical con-
siderations. Section 10 outlines challenges, open questions,
and future directions. Finally, Section 11 concludes with
a summary of the proposed framework.

2 Theoretical Foundations for Pro-
posed LLM Self-Initiated Learn-
ing

The development of an LLM capable of self-initiated learn-
ing necessitates a robust theoretical framework. This
section explores foundational concepts focusing on how an
LLM might identify its own knowledge gaps, what could
motivate this identification, and how information theory
can inform the triggering mechanisms for learning.
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2.1 Curiosity, Intrinsic Motivation, and
Knowledge Gap Identification

A primary designed driver for self-initiated learning within
the proposed framework is an analogue of “curiosity.” In
computational terms, this involves mechanisms for detect-
ing novelty, uncertainty, or gaps in the LLM’s existing
knowledge base.

Computational models of curiosity, often operational-
ized as intrinsic motivation, provide a powerful mech-
anism for driving exploration and learning in artificial
agents. The Intrinsic Curiosity Module (ICM), pioneered
by Pathak et al. [2017], quantifies curiosity by assessing the
“novelty” of a given context, typically by using prediction
error as a proxy: a higher error in predicting a subsequent
state, given the current state and action, signifies a novel
or surprising transition, thus eliciting a stronger curiosity
signal. This principle is directly applicable to identifying
concepts or information that the LLM finds unexpected
or poorly understood. For an LLM, “state” could be an
internal embedding (e.g., from a transformer layer after
processing a prompt), and “action” could be the next to-
ken generated or an external tool call (e.g., a web search
query).

A potential ICM implementation might involve a neural
network architecture comprising a state encoder, a forward
model to predict the features of the next state, and an
optional inverse model. Key design parameters for such a
module include:

• input_dim: Corresponding to the LLM’s state embed-
ding size (e.g., 4096 for models like Llama 3/4).

• hidden_dim: For the ICM’s internal layers, typically
512–2048 depending on model size and computational
budget.

• learning_rate: For the ICM’s optimizer (e.g., Adam),
generally 10−3 to 10−2.

• error_scaling_factor: Applied to normalize the in-
trinsic reward, ensuring stability.

Based on analogous ICM performance in complex rein-
forcement learning environments, curiosity-driven explo-
ration within this framework could achieve a design target
of 70–85% accuracy in identifying genuine knowledge gaps.

Another proposed mechanism is the concept of a “Point
in the Unknown” (PiU) [Jiang et al., 2024], which formal-
izes an atomic piece of knowledge that an LLM lacks. An
LLM’s tendency to hallucinate when responding to simple
questions can serve as an indicator of such gaps. The
SelfCheckGPT tool [Manakul et al., 2023] can generate
a numerical score for hallucinations. A threshold (e.g., a
target of 0.5, requiring empirical calibration) could differ-
entiate PiUs from known information, aiming for a PiU
detection F1-score > 0.75.

Token-level entropy, calculated from an LLM’s output
logits, measures uncertainty in predicting the next token:

H(P ) = −
∑
i

P (ti | context) log2 P (ti | context) (1)

High entropy suggests potential knowledge gaps. Adaptive
thresholds (e.g., entropy > 2.0 or > 2 standard deviations
above a running mean) could flag high-uncertainty se-
quences.

A robust Curiosity Service would likely need to integrate
multiple signals. A composite Priority Score could be
derived from a weighted sum of normalized signals:

PriorityScore = w1 · r̂ICM + w2 · ŝhalluc + w3 · Ĥ (2)

where r̂ICM, ŝhalluc, and Ĥ denote the normalized ICM
reward, hallucination score, and entropy respectively. Ta-
ble 1 provides a comparative overview of these mecha-
nisms.

2.2 Information Theory and Algorithmic
Auditing in Designing Learning Trig-
gers

Beyond direct curiosity models, principles from informa-
tion theory and algorithmic auditing could inform the
design of learning triggers. Info-gap decision theory [Ben-
Haim, 2006] deals with decision-making under severe un-
certainty by seeking to optimize robustness to failure.
Metaphorically, an LLM might assess the “severity” of
its uncertainty about a new concept. If the concept lies
far outside its “knowledge stability radius,” it could be
prioritized for learning.

Concepts from game theory, particularly information
asymmetry, also offer a relevant perspective. When an
LLM encounters an unrecognized concept, it experiences
an information gap. The drive to bridge this gap can be
framed as a motivation to reduce this asymmetry, thereby
avoiding suboptimal performance.

The idea of “optimal incongruity,” where a concept is
novel yet learnable, suggests that the Curiosity Service
should not only detect unknowns but also assess their
potential learnability or relevance, perhaps by gauging
their proximity to existing knowledge structures.

3 Proposed System Architecture

The system envisioned for self-initiated learning is concep-
tualized as a modular architecture, where each component
performs a distinct function in the cycle of curiosity, ex-
ploration, validation, and knowledge integration. Figure 2
provides a detailed overview of this proposed architecture.

3.1 The “Curiosity Service”: Unrecog-
nized Concept Detection

The Curiosity Service is designed as the vanguard of the
learning process, responsible for the initial identification of
knowledge gaps or novel concepts encountered by the LLM.
Its designed functionality relies on a suite of mechanisms:
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Table 1: Comparison of knowledge gap identification and curiosity trigger mechanisms.

Mechanism Principle Unknown
Detected

Designed
Strengths

Theoretical
Limitations

ICM Surprise/Novelty in state transitions Unpredictable/novel
state transi-
tions

Quantifiable,
encourages
diverse explo-
ration

May misinter-
pret stochastic-
ity as novelty

Token Entropy Statistical uncertainty in next-token prediction Lexical/syntactic
ambiguity, low
confidence

Computationally
inexpensive,
direct uncer-
tainty measure

Can be high
for ambiguous
but known con-
cepts

SelfCheckGPT (PiU) Factual inconsistency leading to hallucination Factual void,
lack of specific
knowledge

Directly
targets halluci-
nations

Relies on hallu-
cination detec-
tor reliability

Confidence Estimator Semantic incoherence in internal activations Novel seman-
tic concepts,
low-confidence
boundaries

Detects deeper
semantic gaps

Requires sepa-
rate estimator
training

Semantic Anomaly Deviant representation in activation space Poorly rep-
resented
semantic con-
cepts

Captures
complex,
non-linear rep-
resentations

Computationally
intensive

• Real-time Monitoring and Uncertainty Thresh-
olds: The service continuously analyzes the LLM’s
interactions and internal states. If uncertainty for a
concept surpasses a predefined threshold (e.g., token en-
tropy > 2.0, or a calibrated SelfCheckGPT score > 0.5),
the concept is flagged.

• Knowledge Boundary Checks: The service could
initiate internal probes, such as self-generated check-
questions. Failure to answer confidently would indicate
the concept lies outside its reliable knowledge domain.

• Semantic Anomaly Detection: Techniques to de-
tect if a concept’s neural representation is anomalous
compared to established concepts by analyzing internal
activation patterns.

• PiU Identification: A proactive mechanism, inspired
by the “Point in the Unknown” framework [Jiang et al.,
2024], could prompt the LLM to generate questions
about uncertain topics.

The designed output is a dynamic list of candidate “un-
recognized concepts,” annotated with provenance, trigger
type, and a composite Priority Score (Eq. 2).

3.2 The “Subconscious Mind”: Temporary
Storage

Once a concept is flagged by the Curiosity Service, it is rel-
egated to the “Subconscious Mind,” a lightweight, tempo-
rary storage mechanism. This component queues concepts
for later exploration during the LLM’s designated “down-
time,” preventing disruption to ongoing primary tasks.
Each entry stores the unrecognized concept, contextual
information, trigger type, raw scores, and the Priority

Score. Management protocols include rules for prioritiza-
tion, time-to-live (TTL) for concepts, and mechanisms to
prevent redundant queuing.

3.3 Agentic Web Exploration: Tool-
Assisted Retrieval

During periods of LLM “downtime,” the Agentic Web Ex-
ploration module activates. This module retrieves priori-
tized concepts from the Subconscious Mind and leverages
web search tools to gather information.

• LLM as Agent: The core LLM must be endowed
with robust tool-use capabilities. Frameworks like
ReAct [Yao et al., 2023], which interleaves reasoning
traces and actions like web searches, or AutoGPT, de-
signed for independent task execution, provide potential
paradigms.

• Automated Query Formulation: A crucial capabil-
ity is the formulation of effective search queries from
PiUs.

• Tool Selection: If multiple search tools are available,
an adaptation of the RAG-MCP framework [Anthropic,
2024] could semantically match queries to tool descrip-
tions.

3.4 Ingestion and Processing of Unstruc-
tured Web Data

Once the Agentic Web Exploration module retrieves rel-
evant URLs or documents, the Ingestion and Processing
module accesses content and extracts pertinent textual
information. LLMs themselves possess capabilities for
parsing diverse unstructured data like HTML and PDF,
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Figure 2: System architecture. The seven core concep-
tual components—Curiosity Service, Subconscious Mind,
Agentic Web Exploration, Ingestion & Processing, Valida-
tion Pipeline, Data Admissibility Rules, and Long-Term
Memory (Graph-RAG)—along with key data flows and
feedback loops.

often outperforming traditional tools in information ex-
traction tasks. Recursive Character Text Splitting (RCTS)
is a proposed method for chunking web content while pre-
serving semantic context, and XPath-based methods could
be employed for targeted extraction.

3.5 Automated Validation Pipeline

This module is a critical checkpoint to ensure extracted
information is validated for accuracy, checked for biases,
and assessed for overall quality before potential integration
(Figure 3). The trustworthiness of the entire system hinges
on this pipeline’s robustness.

Fact-Checking Component. An ensemble of mod-
els is proposed. Base models might include specialized
fine-tuned transformers or smaller, efficient LLMs trained
for claim verification. Ensemble methods like weighted
voting combine outputs (SUPPORTS, REFUTES, NOT
ENOUGH INFO). A high-end design target for fact-
checking accuracy is 85–90% agreement with human anno-
tators for verifiable claims, though current AI fact-checkers
report around 72.3% accuracy on recent facts [Original-
ity.AI, 2024].

Figure 3: Multi-stage Validation Pipeline. Extracted
information passes through fact-checking ensembles, bias
detection algorithms, and source credibility assessment
before reaching the Data Admissibility Rules engine. Con-
fidence thresholds gate each stage.

Bias Detection Algorithms. The system must detect
biases (political, gender, racial, etc.) through: (1) con-
textual analysis using LLMs with contrastive prompts,
(2) counterfactual generation by modifying demographic
markers and observing changes, and (3) lexical analysis
with specialized lexicons and classifiers. A design target
for bias detection rates is >70% across major categories,
supported by recent multi-agent frameworks reporting
84.9% accuracy [Huang and Fan, 2025].

Source Credibility Assessment. Overall data quality,
including relevance, coherence, and source reliability, must
be assessed. This integrates with external databases of
source reliability. Information may require corroboration
from at least two independent, high-credibility sources
(e.g., target score > 0.7).

3.6 Defining and Enforcing Rules for Data
Admissibility

Following validation, a distinct module applies predefined
rules to determine if processed information is admissible
for LTM integration. Rule criteria include:

• Source trustworthiness scores > 0.7 from ≥ 2 indepen-
dent sources

• Composite bias score < 0.3
• Factual verification confidence > 0.85
• Direct relevance to the initial unknown concept
• Compliance with ethical guidelines and data privacy

requirements
• Copyright and licensing considerations
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Figure 4: Knowledge Graph schema. Entity types
(Concept, Fact, EntityInstance, SourceDocument), re-
lationship types (RELATED_TO, MENTIONS, DE-
RIVED_FROM, etc.), and associated metadata prop-
erties for the Graph-RAG Long-Term Memory.

3.7 The “Long-Term Memory”: Persistent
Knowledge via Graph-RAG

The Long-Term Memory (LTM) is the persistent, mod-
ifiable data store where validated and admissible new
knowledge is integrated, accessible by the LLM without
altering its core weights. The proposed architecture is
based on Graph-Retrieval Augmented Generation (Graph-
RAG). A design target is >95% success for incorporating
new, validated facts without introducing major semantic
conflicts.

Knowledge Graph Schema. The LTM knowledge
graph employs a flexible property graph schema (Figure 4).
Key entity types include Concept, Fact, EntityInstance,
and SourceDocument. Relationship categories are directed
and typed (HAS_PROPERTY, RELATED_TO, DE-
RIVED_FROM, VALIDATED_BY, CONTRADICTS).
Metadata for nodes and relationships includes timestamps,
confidence scores, source URLs, validation status, and bias
scores.

Foundation Technologies. Vector Database Manage-
ment Systems (VDBMSs) such as Pinecone or Weavi-
ate enable semantic search via dense vector embeddings.
Knowledge Graphs (KGs) provide structured relational
context, transforming an LLM from a pattern matcher into
a system grounded in explicit knowledge. Graph-RAG
synergizes these approaches, allowing LLMs to retrieve
and reference external graph-structured data through vec-
tor search, path traversals, community detection, and
real-time updates.

Update Mechanisms. The LTM supports three key
update operations:

1. Insertion & Merging: New nodes/edges are added;
existing entities are updated if new information corrob-
orates or refines them.

2. Conflict Resolution: If new validated information
Fnew contradicts existing Fold, a protocol is initiated:
flag for human review if confidence is high for both;
mark Fold as “outdated” if Fnew has significantly higher
confidence; or store both with a CONTRADICTS relation-
ship if ambiguous.

3. Versioning: Fact nodes maintain version histories for
auditability.

Retrieval Methods. The LTM supports semantic
search, hybrid RAG (text chunks + graph substructures),
path traversal for multi-hop reasoning, and community
detection for relevance expansion.

Table 2 provides a high-level overview of the core com-
ponents.

4 Conceptual Operational Dynam-
ics and Control Flow

The autonomous learning capability is designed to operate
primarily during periods of “downtime,” ensuring that core
task performance is not impeded.

4.1 Downtime Learning as a Design Prin-
ciple

The LLM system must function as an autonomous agent,
capable of managing its own operational state and intelli-
gently deciding when to transition into a “learning mode.”
“Downtime” is not necessarily absolute inactivity but could
be defined as periods of significantly reduced user interac-
tion, scheduled maintenance windows, or moments when
surplus computational resources become available. A nu-
anced approach likely involves dynamic resource allocation
where learning tasks are interleaved with primary oper-
ational tasks based on priority and available capacity,
rather than waiting for complete idleness.

4.2 Agentic Control Flow and Asyn-
chronous Processing

Agentic AI architectures, such as supervisor agent models,
could be employed where a primary LLM agent initiates
and monitors the learning cycle, invoking specialized sub-
agents for exploration, ingestion, validation, and LTM
integration. Given the potentially time-consuming nature
of the learning process, asynchronous processing is essen-
tial. Asynchronous choreography, where agents operate
autonomously and are triggered by events (e.g., “concept
ready for search,” “data retrieved”), would allow for a
flexible and scalable learning pipeline.
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Table 2: Core components of the proposed autonomous learning system.

Component Primary Function Key Enabling Technologies

Curiosity Service Identify knowledge gaps and novel concepts Token entropy, ICM, SelfCheckGPT, semantic
anomaly detection, composite priority score

Subconscious Mind Temporarily queue flagged concepts Prioritized queue, TTL management, context stor-
age

Agentic Web Exploration Retrieve information about queued concepts ReAct/AutoGPT frameworks, automated query
formulation, tool selection via RAG-MCP

Ingestion & Processing Extract text from retrieved web content HTML/PDF parsers, RCTS chunking, XPath ex-
traction, dynamic content handling

Validation Pipeline Verify accuracy, check bias, assess quality Ensemble fact-checkers, bias detection, source cred-
ibility databases, confidence calibration

Data Admissibility Rules Filter validated data for LTM suitability Rule engine, source trust thresholds, ethi-
cal/privacy/copyright filtering

Long-Term Memory Persistently store validated knowledge Vector DBs (Pinecone, Weaviate), KG construc-
tion, Graph-RAG retrieval, conflict resolution

4.3 State Management and Task Prioriti-
zation

Robust state management is critical to track the lifecycle
of learning for each concept. A dedicated state database
or internal state maintained by a supervisor agent could
serve this purpose. Prioritization of learning tasks is key
if multiple “unknown concepts” are queued and downtime
is limited. The system requires a meta-level planning
capability to decide which concepts to learn first, based on
curiosity score, encounter frequency, or estimated utility.

5 Theoretical Self-Correction and
Adaptive Refinement

For the envisioned system to maintain and improve knowl-
edge quality over time, mechanisms for self-correction and
adaptive refinement are essential.

5.1 Mechanisms for Evaluating and Cor-
recting Understanding

While the proposed system avoids direct weight updates,
the principle of self-correction applies to knowledge acqui-
sition and integration processes:

• Internalized Self-Correction (InSeC) Princi-
ples [Gou et al., 2024]: The agent should recognize
“errors” (e.g., inconsistencies between new and existing
knowledge). Correction might involve re-validation, new
web searches, or adjusting LTM relationships.

• Self-Rewarding Reasoning: LLMs capable of self-
rewarding reasoning [Guo et al., 2025] can evaluate their
outputs during inference. If using new knowledge leads
to low-confidence outputs, it could trigger refinement.

• Self-Reflection for Refinement: Adapting frame-
works like LEPA [Wang et al., 2024a], if newly acquired
knowledge leads to poor outcomes, the agent could
reflect to pinpoint issues.

• Validation Feedback Loops: If provisionally inte-
grated LTM information is later implicated in contra-
dictory outputs, it could be re-sent to the validation
module.

A significant theoretical challenge is the risk of “self-
deception” or creating “echo chambers” if self-correction
relies predominantly on the LLM’s internal reasoning with-
out robust grounding against diverse external data.

5.2 Adaptive Refinement of Long-Term
Memory

The Graph-RAG based LTM is designed to be modifiable.
Knowledge updates and versioning allow new validated
information to supersede or refine existing entries. When
integrating conflicting knowledge, the agent (or a sub-
agent) can use debate-like prompts or consistency checking
to decide on updates, discards, or merges.

5.3 Potential Failure Modes in Au-
tonomous Learning

An autonomous system must account for potential failure
modes:

• Validation Errors: False negatives (admitting inac-
curate information) or false positives (rejecting valid
information). Mitigation includes periodic re-validation
and cross-referencing.

• Bias Amplification: Imperfect bias detection could
amplify biases over time. Mitigation involves LTM bias
monitoring and diversified exploration.

• Knowledge Conflicts: As LTM grows, conflicts are
inevitable. Conflict resolution protocols (Section 3.7)
are primary mitigation.

• Curiosity Loops: Untuned curiosity could lead to
unproductive exploration. Mitigation includes decay
factors and diversity goals.
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Figure 5: Positioning of the proposed system within
the autonomy–parametric modification landscape. The
proposed framework occupies the high-autonomy, zero-
parametric-modification quadrant, achieving perfect re-
tention of foundational capabilities by design.

6 Relation to Existing Learning
Paradigms

The proposed system shares conceptual overlaps and dis-
tinctions with established machine learning paradigms.
Continual learning (CL) aims to enable systems to learn
sequentially without catastrophically forgetting previously
learned knowledge [Kirkpatrick et al., 2017]. CL strate-
gies include rehearsal-based methods [Lopez-Paz and Ran-
zato, 2017], parameter-efficient methods [Zhao et al., 2024,
Liang and Li, 2024], and modular approaches [Wang et al.,
2024c].

The proposed framework differs fundamentally from
most CL approaches in its core design principle: no
modification of the LLM’s pre-trained parametric
weights. Instead, all new “learning” is offloaded to the
external, structured Long-Term Memory based on Graph-
RAG technology. This positions the system uniquely in
the autonomy-retention trade-off space (Figure 5).

The framework prioritizes high operational autonomy
and perfect retention of the foundational LLM’s capabili-
ties (no parametric forgetting) by design. This contrasts
with:

• Traditional CL (EWC, LwF) [Kirkpatrick et al.,
2017, Li and Hoiem, 2018]: Weight regulariza-
tion/distillation trades parameter drift for retention.

• Parameter-Efficient CL (SAPT, InfLoRA) [Zhao
et al., 2024, Liang and Li, 2024]: Updates small pa-
rameter subsets—efficient but still involves parametric
changes.

• Modular CL (MoCL) [Wang et al., 2024c]: Adds
or trains new modules, leading to architectural complex-
ity.

• Rehearsal-Based CL (ER, GEM) [Lopez-Paz and
Ranzato, 2017]: Replays past data, trading memory
costs for retention.

• PiU Self-Learning [Jiang et al., 2024]: Also iden-
tifies “Points in the Unknown” but explicitly employs
parametric updates (e.g., LoRA or Dynamic-Adapters).

Table 3 provides a detailed comparative analysis.

7 Visionary Evaluation Framework
Evaluating the efficacy of a conceptual autonomous knowl-
edge acquisition system requires a multi-dimensional ap-
proach that extends beyond traditional accuracy metrics.

7.1 Proposed Evaluation Facets
A comprehensive evaluation would encompass:

• Knowledge Integration Quality: Accuracy and com-
pleteness of KG representation for new concepts. Target:
>95% successful integration for validated facts.

• LTM Stability: Retention of validated knowledge
without corruption. Measured by periodic integrity
checks.

• Autonomy Level: Degree of human intervention re-
quired. Target: full autonomy by design.

• Scalability: Performance as LTM size and concept
encounter rate increase.

• Reliability: Agreement rate between system-validated
facts and expert human fact-checkers. Target: >85%.

• PiU Detection Accuracy: Precision, Recall, and
F1-score on ground truth. Target: F1 > 0.75.

• Bias Mitigation Effectiveness: Detection rate across
major bias categories. Target: >70%.

• Learning Efficiency: Validated new concepts inte-
grated per hour. Target: 10–50 concepts/hour.

7.2 Key Performance Indicators and De-
sign Targets

Table 4 summarizes key performance indicators and their
design targets, derived from the conceptual design and
informed by related research.

7.3 Limitations for Full Empirical Valida-
tion

This paper presents a theoretical architectural proposal.
While foundational aspects of individual components are
prototypable with available tools, the full empirical val-
idation of the integrated, autonomous seven-component
system operating at scale is a significant research and
engineering endeavor, likely beyond typical independent
research capabilities. This paper therefore focuses on the
architectural vision and the research questions that arise
from it, rather than presenting empirical results from a
fully realized system.
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Table 3: Comparative analysis of continual learning approaches.

Approach Param. Update Ext. Memory Autonomy Key Characteristics

Proposed System No Graph-RAG High Curiosity-driven, full autonomy,
knowledge integrated externally, zero
parametric forgetting

Traditional CL (EWC, LwF) Yes (regularization) No Low Mitigates forgetting via weight con-
straints

Parameter-Efficient CL Yes (small subset) Often No Moderate Efficient updates via LoRA/adapters,
task-specific

Modular CL (MoCL) Yes (new modules) Optional Moderate Isolates knowledge in modules, com-
positional

Rehearsal-Based CL Yes (replay) Exemplars Low–Mod. Replays past data to mitigate forget-
ting

PiU Self-Learning Yes (LoRA) Yes (search) High Self-identifies gaps, trains parameters
to integrate

Table 4: Key Performance Indicators (KPIs) and design targets for the proposed architecture.

Dimension Metric Design Target Rationale

Curiosity & Gap ID ICM Accuracy 70–85% Projected from analogous RL environments
Curiosity & Gap ID PiU Detection (F1) > 0.75 Benchmark for robust gap identification
Web Exploration Query Success Rate 60–80% Based on ReAct-like framework expectations
Validation Fact-Checking Accuracy 85–90% Ambitious target for ensemble systems
Validation Bias Detection Rate > 70% Consistent with SOTA specialized models
Validation Expert Agreement > 85% Design target for high-fidelity acquisition
KG Integration LTM Success Rate > 95% Target for validated, well-defined facts
Efficiency Concepts/Hour 10–50 Illustrative target, complexity dependent

8 Theoretical Scalability and Com-
putational Considerations

The continuous cycle of web exploration, data ingestion,
multi-stage validation, and knowledge graph integration
would be resource-intensive.

8.1 Estimated Computational Complex-
ity

The computational cost of a hypothetical instantiation
can be decomposed:

Cexplore = Nc · (Tquery +Ns · Tsearch + Tretrieve) (3)
Cingest = Np · (Tparse + Tchunk + Textract) (4)

Cvalidate = Nf · (Tfact + Tbias + Tcred) (5)
CKG = Ne · Top (6)

where Nc is the number of concepts, Ns searches per con-
cept, Np retrieved pages, Nf candidate facts, Ne new
graph elements, and T· denotes time for respective opera-
tions.

8.2 Design Strategies for Scalability

Several strategies could enhance scalability:

1. Parallelization and Batching: Batching concepts
for exploration, parallelizing validation checks, and
batching KG updates.

2. Optimized Validation Models: Using smaller, spe-
cialized or distilled models for fact-checking and bias
detection.

3. Hierarchical LTM: A tiered LTM with faster layers
for frequently accessed knowledge and scalable backends
for archival data.

4. Adaptive Validation Rigor: Adjusting validation
depth based on source credibility or concept criticality.

5. Efficient KG Technologies: Leveraging optimized
graph databases and indexing strategies.

9 Discussion

9.1 Implications of the Proposed Frame-
work

The development of LLMs capable of autonomously and
continuously acquiring, validating, and integrating new
knowledge would have transformative implications. Such
systems could overcome the static nature of current mod-
els, allowing them to remain up-to-date without constant
manual intervention or complete retraining. This capabil-
ity could enhance their utility in dynamic domains such as
scientific research, financial analysis, and current events
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monitoring.

Furthermore, the ability to build a transparent, au-
ditable external knowledge base could improve the trust-
worthiness and explainability of LLM-generated outputs,
as the provenance of information used in reasoning could
be traced. The shift towards learning through epistemic
augmentation rather than solely parametric updates also
opens new avenues for understanding how AI systems
acquire and represent knowledge.

9.2 Potential Benefits and Transformative
Aspects

1. Overcoming Knowledge Cutoffs: Dynamic incor-
poration of information post-training.

2. Dynamic Adaptation to New Domains: Learning
about entirely new topics encountered during operation.

3. Improved Factual Accuracy: Active seeking and
validation of information to reduce hallucination.

4. Reduced Retraining Dependency: Agile, less
resource-intensive knowledge currency through LTM
updates.

5. Personalized Knowledge Bases: LTM evolving to
reflect specific informational needs and contexts.

9.3 Ethical Considerations and Gover-
nance

The prospect of highly autonomous LLMs capable of self-
directed learning on the open internet raises profound
ethical considerations [Kolter, 2025, Song, 2025]:

• Ensuring Beneficial Learning: Mechanisms must
prevent the system from developing harmful biases or
pursuing undesirable knowledge.

• Bias in Autonomous Acquisition: The internet
contains vast amounts of biased content; imperfections
in bias detection could lead to LTM skew.

• Accountability and Provenance: Determining ac-
countability when an autonomously learning LLM pro-
vides incorrect information.

• Unforeseen Consequences: Continuous monitoring,
robust safety protocols, and “circuit breakers” are essen-
tial.

• Misinformation and Manipulation: The validation
pipeline must be resilient against adversarial knowledge
poisoning.

• Governance Structures: Ethical guidelines, auditing
procedures, and mechanisms for human oversight are
paramount.

10 Challenges, Open Questions,
and Future Directions

10.1 Key Challenges

• Scalability and Computational Costs: The contin-
uous learning cycle is extraordinarily resource-intensive.

• Reliability of Self-Assessment: How reliably can an
LLM discern what it does not know, especially beyond
simple factual recall?

• Validation Accuracy: Can automated systems reli-
ably fact-check and de-bias information from the noisy
internet, particularly for nuanced or contested topics?

• Ensuring Coherent Learning: Mechanisms must
prevent trivial learning and maintain coherence between
new and existing knowledge.

• The Nature of “Understanding”: Does integrat-
ing information into an external LTM truly equate to
“understanding,” or is it sophisticated retrieval?

• Knowledge Obsolescence: The LTM requires robust
mechanisms for managing outdated knowledge.

• Inherent LLM Limitations: Limited context win-
dows and difficulties in robust long-term planning re-
main challenges for autonomous agents.

10.2 Open Research Questions

1. What are the optimal architectures for the Curiosity
Service to balance exploration with exploitation?

2. How can the Validation Pipeline resist sophisticated
adversarial misinformation?

3. What conflict resolution strategies are most effective
for a dynamic Graph-RAG LTM?

4. How can the “understanding” gap between parametric
and externally retrieved knowledge be bridged?

5. What governance mechanisms are needed for LLMs
that autonomously modify their effective knowledge
base?

10.3 Future Research Directions

• Robust Unsupervised Validation: More accurate,
scalable validation techniques for open-domain informa-
tion.

• Meta-Learning for Autonomous Agents: Where
the agent learns to improve its own learning strategies—
refining curiosity triggers, query formulation, and vali-
dation processes.

• Hybrid Knowledge Integration: Architectures al-
lowing selective, safe parametric updates for founda-
tional concepts alongside external LTMs.

• Standardized Evaluation Benchmarks: Compre-
hensive benchmarks for autonomously learning LLM
systems.

• Novel Insight Generation: Whether self-triggered
learning can produce genuinely novel insights not
present in training data.
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• Addressing the “Curiosity Paradox”: Discovering
“unknown unknowns” may require serendipitous explo-
ration or diverse external interactions.

• Preventing Knowledge Siloing: Ensuring deep inter-
connection across the entire LTM rather than isolated
clusters.

• Generational Knowledge Transfer: Highly spec-
ulative: mature AI systems could potentially assist
in knowledge provisioning for subsequent AI instances
through curated LTM distillation.

11 Conclusion
This paper has detailed a theoretical architectural frame-
work for Large Language Models capable of self-initiated,
autonomous knowledge acquisition. By integrating a Cu-
riosity Service for knowledge gap identification, a tem-
porary Subconscious Mind, an Agentic Web Exploration
module, a rigorous multi-stage Validation Pipeline, Data
Admissibility Rules, and a persistent Long-Term Memory
based on Graph-RAG technology, the proposed system
aims to transcend the limitations of static, pre-trained
knowledge.

The core innovation lies in the envisioned LLM’s ability
to autonomously manage the entire learning cycle—from
recognizing its own ignorance to integrating validated new
knowledge—without direct human intervention or modifi-
cations to its fundamental parameters. This positions the
framework uniquely among continual learning approaches
by achieving zero parametric forgetting while maintaining
high operational autonomy.

The potential benefits are manifold: overcoming knowl-
edge cutoffs, dynamically adapting to new domains, im-
proving factual accuracy, and reducing retraining depen-
dency. However, the journey towards truly autonomous
and continuously evolving LLMs is laden with substantial
challenges—scalability, validation reliability, and profound
ethical implications of autonomous knowledge acquisition
must be meticulously addressed.

The development of such systems underscores a po-
tential shift in the human–AI relationship: from direct
instruction toward architecting learning systems, defin-
ing ethical boundaries, and supervising the AI’s cognitive
development. This paper serves as a visionary roadmap,
intended to inspire further investigation into this challeng-
ing but potentially transformative area of AI research.
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