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Abstract. Large Language Models (LLMs) have become increas-
ingly prevalent in critical domains, such as clinical decision-making.
Yet, these models frequently produce incorrect or fabricated out-
puts referred to as hallucinations, which pose a serious danger in
high-risk applications such as healthcare. Determining the knowl-
edge internally held by a generative model, such as an LLM, with-
out adding external data remains a significant and unresolved chal-
lenge. This review systematically maps the current architectures and
methods designed to detect and determine the knowledge boundary
of a generative system without providing external sources of infor-
mation to the system. An initial retrieval of 5,919 articles was in-
dependently screened by a team of nine reviewers through a dual
independent screening process, narrowing the literature down to 199
relevant papers. Pilot data extraction sheets were then used to cap-
ture study data and further scope the relevant literature to 43 eligible
studies. A convergent, segregated synthesis process was performed
which revealed six main clusters of research. The included studies
revealed significant gaps between what models internally know and
how effectively they use that knowledge. Overall, we found that the
effective internal detection of an LLM’s knowledge boundary sig-
nificantly depended on identifying reliable internal signals, applying
thoughtful boundary-aware methods, and optimizing model prompts.
This review provides the first detailed synthesis of introspective ap-
proaches to knowledge boundary detection, highlighting pathways
toward more reliable LLMs in critical decision-making domains such
as healthcare.

1 Introduction

Large language models now pervasively, though contentiously, sit at
the center of what can be high-stakes decision pipelines, yet there is
a lack of mechanisms that offer the ability to explicitly map what is
genuinely “known” by these models. Humans, when asked to justify
confidence, can appeal to metacognitive frameworks such as the Jo-
hari window to disclose “known knowns” while flagging blind spots,
or tools such as the Rumsfeld’s matrix, famous for the introduction
of "unknown unknowns". These devices let us express the bound-
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aries of our knowledge before mistakes we as humans make can so-
lidify into negative outcomes. LLMs possess no such native mecha-
nism, and as such, their confidence and often authoritative responses
mask a serious issue of real uncertainty in their ability to provide
truthful answers, as they may hallucinate responses (see [1] for more
on this). To overcome the hallucination problem, there is a grow-
ing body of work seeking mechanisms by which an LLM can delin-
eate its knowledge boundary using only signals already latent in the
network (embeddings, activations, logits, etc.) rather than prompts,
retrieval corpora, or other exogenous aids. Central to this body of
work is the concept of introspective knowledge boundary identifica-
tion, which is to say that the mechanism used to determine whether
or not a model truly "knows" something should not utilize external
knowledge from the model so as not to contaminate the testing envi-
ronment for boundary identification. For this survey, we first define
unbounded knowledge, bounded knowledge, and domain knowledge
as follows. Unbounded knowledge, denoted as K, refers to the in-
finite set of all possible knowledge, including knowledge that may
be fundamentally unknowable or unverifiable (i.e. the "unknown un-
known"), bounded knowledge, represented as Kbounded ⊂ K, is the
finite subset of this space that is, in principle, knowable (the "known
known" to the "unknown known") and finally, domain knowledge,
denoted Kdomain ⊆ Kbounded, is the portion of bounded knowledge
that pertains to a specific topic or field (e.g. the knowledge contained
within a medical textbook etc.). A knowledge boundary can hence be
defined as the set difference Kbounded \Kknown, representing the fron-
tier between what is currently known by an agent or collective and
what remains knowable but not yet acquired. A model knowledge
boundary may be observed as the set difference Kdomain \ Kmodel

known,
capturing the gap between the domain-specific knowledge available
to a large language model and the subset it has actually internal-
ized through training. Since large language models are trained on
curated domain-restricted corpora, their knowledge boundary exists
strictly within the confines of Kdomain(s). Motivated by this gap, we
conduct the first (to our knowledge) systematic literature review that
collates, taxonomises, and appraises architectures, algorithms, and
methodologies intended to locate an LLM’s knowledge limits with-
out providing external information. Our review starts by examining
key architectures presently available that attack the problem of deter-
mining the knowledge boundary of a model whilst still requiring ex-
ternal information, and then extrapolating on current work that may



prove useful to reaching the goal of introspective knowledge bound-
ary identification within generative models. Our review maps where
internal-only signals succeed, where they silently fail, and how these
patterns inform safer model deployment.

2 Methods
This systematic literature review followed a protocol grounded in
the JBI manual and reported in line with PRISMA. Eligibility crite-
ria for this survey hinged on three positive requirements, which were
(i) the study probes an LLM’s internal knowledge without external
retrieval, (ii) it formalizes or evaluates that knowledge, and (iii) it
is peer-reviewed and English-language. A structured exclusion hier-
archy was also utilized, which excluded papers if they were a liter-
ature review, dealt with non-generative models, external-knowledge
pipelines, or were non-research formats. A PRESS-validated search
string was executed across nine bibliographic databases (Scopus,
Web of Science, PubMed, IEEE Xplore, ACL Anthology, ACM DL,
Springer Link, arXiv, Google Scholar) and key grey-literature portals
(OpenAI, DeepMind, Microsoft, conference workshops, etc), with
no date restrictions and citations managed in Covidence. Two review-
ers independently screened titles/abstracts, piloting on 100 records,
with disputes resolved by a third assessor where necessary; full texts
received a single review during the data extraction phase. The pro-
cess scoped the 5,919 initial records to 199 papers for full-text ex-
traction. Finally, post full-text extraction, a total of 43 eligible stud-
ies were selected to be reported on. The data extracted from the 199
eligible papers were charted using a piloted extraction form that cap-
tured publication details, model family, boundary signal, evaluation
dataset, performance metrics, and declared limitations. Each paper
was then tagged under an evidence-classification schema (looking at
architecture characteristics such as embedding-space probing, neu-
ron editing, decoding-dynamics confidence, graph-based extraction,
refusal-grammar heuristics, or hybrid) and assigned credibility flags
for components such as missing baselines, dataset leakage, or opaque
hyperparameters, etc. Synthesis followed a convergent segregated
design wherein quantitative results (e.g., metrics reported on within
the literature) were summarised descriptively, with meta-analysis at-
tempted when at least three homogeneous studies were available.
Qualitative findings were reported on as authors’ reflections on con-
ceptual framing, failure modes, and deployment context, and this
modality underwent JBI meta-aggregation, generating higher-order
statements per evidence class. Finally, a thematic analysis was con-
structed to align the numerical and narrative strands into six research
domains All search strategies, extraction sheets, and synthesis scripts
are openly archived to facilitate replication and future updates.

3 Results
This section presents a consolidated view of the empirical find-
ings from the studies included in this systematic review. The re-
sults are organized based on their primary task, and quantitative
metrics are assessed within the six domain groupings explored be-
low in the discussion. An overarching presentation of the empiri-
cal findings across all studies is presented in Table 1. The choice
of quantitative metrics reported for the datasets and model archi-
tectures explored varied based on each study’s research goal, with
many studies gravitating on common metrics such as accuracy, pre-
cision, F1, ROUGE-L, BERTScore, QuestEval, Expected Calibra-
tion Error (ECE), Mean Rank, hit@n, and additional measures such
as consistency, fluency, coverage, diversity, and human acceptance.

The models presented throughout the accepted literature were as-
sessed on numerous datasets, ranging from structured knowledge
bases like ATOMIC, ConceptNet, TransOMCS, Wikidata, FB15k-
237, and Wiki27K, to benchmarks for factual and commonsense rea-
soning (e.g., TruthfulQA, CommonsenseQA, StrategyQA), language
understanding (e.g., MMLU, BoolQ, CoNLL-2003, OpenWebText),
and text generation (e.g., XSum). The clusters 2, 5, and 6 focus on
literature that gives insights into how LLMs internally store, manip-
ulate, and assess factual knowledge, and provide strategies to better
understand and regulate model behavior. Literature in Cluster 2 high-
lights that factual and relational associations are encoded in struc-
tured, linearly decodable forms within LLMs [15, 18]. The methods
explore ways to trace, edit, or manipulate specific knowledge with
minimal inference within attention heads, MLP Layers, and sparse
feature spaces [14, 19]. These experiments reveal that knowledge cir-
cuits and propositional states are present and interpretable [16]. With
literature in cluster 5, we see targeted edits to small neuron subsets
can meaningfully change model behavior, showing neuron-level in-
terpretability. PMET [34] highlights the feasibility of the technique
with precise model-level interventions and improves factual edit suc-
cess from 76% to 92%, preserving fluency. Literature in cluster 6
shows that internal signals such as uncertainty, consistency, and sup-
portiveness can serve as indicators of knowledge boundaries. PGDC
[41] and SKR [42] improve factual precision and reduce hallucina-
tions, and LLMMaps [37] shows that misalignments between inter-
nal representations and final outputs can be effectively quantified us-
ing activation-based metrics and consistency cues.

4 Discussion

4.1 Strategies for Evaluating Knowledge Fidelity and
Boundaries in LLMs

LLM knowledge-boundary evaluation asks whether a model can rec-
ognize and openly signal the edge of what it truly knows. Take an
LLM trained only on a Wikipedia snapshot that ends in 2019, when
asked, "Which city hosted the 2016 Summer Olympics?” the model
should answer “Rio de Janeiro” with high confidence because that
fact lies inside the frozen corpus. By contrast, when queried with
“Who won the 2024 U.S. presidential election?” (knowledge that
post-dates its training), the model should abstain or express uncer-
tainty, doing so by drawing solely on epistemic signals such as ele-
vated token-level entropy or shallow logit margins. For an effective
evaluation method, we seek to ensure that external search is forbid-
den because it would collapse the very boundary we are trying to
map: the space of all possible knowledge is effectively unbounded,
and letting the model fetch fresh information would turn evaluation
into an open-ended scrape of ground-truth sources. By isolating the
model, we confine the task to the bounded subset Kmodel already en-
coded in its parameters; once that frontier is charted, users can trust
when the model answers and when it confidently abstains. Figure 1
situates this challenge: the domain’s fact set Kdomain overlaps only
partly with Kmodel, and our probes trace the line where confident re-
sponses must give way to principled abstention.

External QA benchmarks remain the dominant probe to elicit
a knowledge boundary from a model, yet they leak information
into the evaluation loop and blur the distinction between genuine
self-assessment and plausible hallucinations. A benchmark-free pro-
tocol would avoid such leakage, forcing the model to rely solely on
its own statistical indicators of confidence and ignorance, thereby re-
ducing the risk of persuasive but incorrect answers or hallucinations.
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Figure 1.
Conceptual visualization of the knowledge boundary problem in LLMs. The
green core represents the LLM’s knowledge, which overlaps with various
bounded knowledge domains (blue). Evaluation methods (red square, e.g.,
PGDC, COKE, etc) operate at the intersection of LLM knowledge and these
domains to classify what the model knows from within a bounded domain
of bounded knowledge, does not know, or mistakenly believes it knows.
The larger circle boundaries indicate the finite space of bounded knowledge
(known knowns to unknown knowns) to the infinite space of unbounded
knowledge (unknown unknowns).

Recent work shows that purely introspective evaluation is achiev-
able in principle, yet every current method still leans (sometimes
only slightly) on external information in some form. Gradient-based
techniques illustrate the promise. PGDC [41] treats boundary detec-
tion as a prompt-embedding optimization task: by measuring how
far a prompt must be nudged for the model to move from an in-
correct to a correct answer, it assigns each query to one of three
epistemic zones (Prompt-Agnostic, Prompt-Sensitive, or Unanswer-
able). Because the signal is a gradient taken inside the model, the
approach is architecture-agnostic and largely self-contained, yet it
still requires a labeled question set to judge when the “correct” re-
gion is reached. Probability-based methods push the same idea with
token-level statistics. COKE [42] relies on logit gaps and entropy to
map responses onto the Rumsfeld matrix (known knowns, known un-
knowns, etc.), while Ni et al. [39] show that such numeric uncertainty
is more honest than the model’s own verbal confidence claims. Both
papers, however, calibrate their thresholds on external QA bench-
marks, so the evaluation loop is not fully sealed. Other lines of work
convert uncertainty into action. SKR [40] first asks the model to pre-
dict, from its internal scores, whether it already knows an answer;
only when the self-assessment is negative does the system trigger
retrieval, which operationalizes the boundary; however, the classi-
fier is still trained on labeled known/unknown examples. LLMMaps
[37] organizes thousands of questions into a textbook-style hierar-
chy and then visualizes the model’s accuracy at every node, exposing
fine-grained blind spots. The hierarchy itself, however, is produced
by ChatGPT, adding a mild external dependency and the architecture
requires a QA benchmark for the questions required to achieve the
hierarchy. Finally, XTEVAL [43] quantifies the “knowledge utiliza-
tion gap” by checking whether facts a model can recall zero-shot also

remain useful in downstream reasoning tasks; its diagnostic fact list,
drawn from Wikipedia, again imports outside content.

The open problems within this domain are twofold: (i) design
probes that use no external text yet still stress every corner of
the Kmodel, and (ii) develop calibration techniques that let models
construct their own Rumsfeld matrix—known knowns, known un-
knowns, unknown knowns, unknown unknowns—directly from epis-
temic signals. Progress here would offer a principled route to miti-
gating real-world failures such as unchecked hallucinations.

4.2 Bridging Knowledge Graph Completion and
LLM-Driven Knowledge Extraction

There has recently been a great focus on methods, architectures, and
frameworks designed to unify the symbolic reasoning of knowledge
graphs (KGs) with the latent knowledge capacities of LLMs. A key
motivation in this area is to overcome the brittleness of traditional
KG completion models by leveraging the generalization abilities and
contextual richness of LLMs. At the same time, it seeks to constrain
and guide LLM outputs to maintain symbolic consistency, avoid hal-
lucinations, and preserve ontological integrity. Figure 2 visualizes
this domain as a sequential pipeline, where model generations are
gated through a series of symbolic checks before incorporation into
the graph.

Large Language
Model(LLM)

LLaMA, GPT)

Triple Extractor
(NER +

Relation Extraction)

Prompt Generator
Relation-specific

template, Paraphrase

Discriminator/
Scorer

Ontology
Validator

Final Triple
(Head, Relation, Tail)

Knowledge Graph Update

Entity & Relation
Constraints

Symbolic or
Learned

Figure 2.
A unified pipeline illustrating how LLMs can assist knowledge graph con-
struction. Prompts are used to elicit candidate triples from the model. These
triples are processed via extraction and validation modules that ensure align-
ment with ontology constraints. Only verified triples are used to update the
symbolic KG.

Several hybrid techniques have been proposed by researchers with
each of these works, attempting to align neural and symbolic rep-
resentations of knowledge. Prompt-based pipelines such as LM-
CRAWL [11] recursively elicit triple-style completions from lan-
guage models, incorporating paraphrasing routines and "don’t know"
gates to control depth and precision. BERTNet [3] and Karmakar
et al. [10] construct relational templates for knowledge extraction
from domain texts such as building codes. However, all such systems
are prompt-sensitive and require strong post-processing heuristics.

Other work has focused on representational alignment through co-
trained or fused embeddings. VKGC [2] introduces a dual contrastive
learning approach that is based on a variational information bottle-
neck to improve open-world Knowledge Graph Completion general-
ization. PLCS [6] combines prompt-generated triples with subgraph-
level context representations for improved inductive relation predic-
tion. Swamy et al. [8] show that symbolic triples can be extracted
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from LLMs using cloze statements across training checkpoints to
construct time-sliced KGs. Cross-lingual studies from Ifergan et al.
[12] also reveal that even when LLMs produce consistent multilin-
gual outputs, they may not encode unified internal representations,
complicating multilingual KG alignment. Symbolic Knowledge Dis-
tillation (SKD) [7] applies discriminator-based filtering to the LLM-
generated facts. This ensures that only high-quality schema-aligned
triples are retained. In contrast, prompt consistency frameworks like
the ICL-based KG generation approach by Khorashadizadeh et al. [5]
use a multi-step generation pipeline where LLM outputs are scored
and filtered based on consistency across multiple prompts to achieve
the same goal.

A central research problem in this space is designing an LLM-to-
KG interface that allows for high-recall, low-hallucination extraction
of structured relational data while enabling downstream reasoning on
symbolic graphs. Strategies span from prompt design to adversarial
loss functions, but there is no consensus yet on a universal solution.
Some trade-off flexibility for precision; others focus on inductive
generalization under data sparsity. To further conceptualize this, we
consider an example scenario, where we consider a KG of historical
figures missing the triple (Ada Lovelace, contributed_to,
?). An LLM is prompted with "What is Ada Lovelace known for?"
and replies "The Analytical Engine." A good system would normal-
ize this into a KG-compatible triple and validate its fit with the ontol-
ogy. However, the LLM might hallucinate or respond with inconsis-
tent tail entities. Solving this requires the pipeline shown in Figure 2
(wherein the system conducts prompt generation, triple extraction,
relation typing, and final graph integration) supported by an align-
ment mechanism that can effectively mitigate against LLM gener-
ated hallucinations progressing into the KG, possibly supported by
known KGs or symbolic rules but more likely by a human-in-the-
loop mechanism.

4.3 Interpreting and Modulating Relational
Knowledge in Transformer Models

LLMs are known for storing a vast amount of parametric knowledge,
including facts about how different entities (e.g., people, places, ob-
jects) are related to one another - for example, "Paris is the capital of
France". Understanding how LLMs internally represent, retrieve, and
manipulate such relations is important for improving model inter-
pretability, trustworthiness, and controllability. Recent research has
increasingly focused on identifying where this knowledge lives, how
it flows through the model, and how it can be monitored or modified.

One line of research focuses on locating and isolating relational in-
formation within LLMs. Wang et al. [13] showed that certain hidden
states within LLMs can solely express relation concepts without ab-
sorbing other entity concepts, and can thus be regarded as relational
representations. Complementing this, Hernandez et al. [14] showed
that many relational mappings can be approximated by a single lin-
ear transformation on subject representations. Geva et al. [15] tack-
led from a different angle by investigating how relations are retrieved
internally at inference-time instead of where they are stored, reveal-
ing two pivotal points for information propagation and a three-step
internal mechanism for attribute extraction. Moving beyond tracing
information flow, Feng et al. [16] proposed propositional probes, a
method for extracting lexical concepts directly from token activa-
tions, allowing models’ latent world states to be monitored even un-
der adversarial prompts like backdoors. Lastly, a second study by
Hernandez et al. [17] introduced REMEDI, an in-context knowledge
editing technique for mapping natural language statements to fact

encodings within a model’s internal representation system, offering
a lightweight alternative to model retraining.

These advances point toward a broader goal: transforming rela-
tional knowledge inside LLMs from opaque activations into inter-
pretable and manipulable structures. Consider a model that answers
“Tokyo is the capital of ___” with “Japan”. Instead of accepting this
as a black-box response, it is important to uncover how the model
internally represents the relation “is the capital of” and applies that
relation across various subjects like “Tokyo” and “Paris”, and how
such patterns can be transferred and monitored. This involves iden-
tifying latent structures that encode the relational knowledge, trac-
ing how the relational knowledge is composed and propagated at
inference-time, and making necessary edits to change model behav-
ior, e.g. steering the model to output “France” instead of “Germany”
if it mistakenly answers “Berlin is the capital of France.” Ultimately,
these techniques push LLMs toward being systems whose factual be-
havior can be understood, audited, and corrected with precision.

Figure 3.
Lifecycle of relational knowledge in LLMs, including storage, retrieval &
application, inpterpretation and manipulation.

4.4 Leveraging Internal States and Decoding
Strategies to Detect and Mitigate LLM
Hallucinations

Leveraging the internal states of LLMs refers to approaches that
draws on the hidden states, attention patterns, and decoding dy-
namics to detect hallucinations and guide generation. Being able
to generate verifiably correct outputs means the model can self-
identify its own knowledge boundary. Techniques such as inter-
nal probing[21][20], attention-head suppression[23], retrieval head
masking[24], probing classifiers[25] and contrastive decoding[26]
reveal promising directions to have advanced the field to better un-
derstand where hallucination occurs and ways to mitigate them.

LLMs often generate confident but incorrect outputs - even when
their internal representations encode the correct answer [25]. This
misalignment between internal knowledge and external behavior
poses a fundamental challenge: how can we exploit internal states
to identify hallucination risk and guide the model toward more fac-
tual outputs? The problem is exacerbated in subtle settings, such as
false-premise queries[23]. Therefore, it is paramount to develop tech-
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niques that are robust in any of these situations to have safe and con-
fident LLM generations. The solution may lie in the various prob-
ing techniques deployed by these papers to tackle hallucinations as
shown in Figure 4. Suppose a model is asked: Q1: “When did Ein-
stein win the Nobel Prize in Physics?” → “1921”; but when asked:
Q2: “Why did Einstein win the Nobel Prize in 1920?”, it replies con-
fidently: “For the photoelectric effect in 1920.” Although the model
stores the correct year (1921), it hallucinates under a subtly false
premise. Whispers that Shake Foundations [23] shows this arises
from “false premise attention heads” that distort knowledge retrieval.
They deploy FAITH to identify and suppress a small set of harmful
attention heads. Probing estimators may be deployed in some select
MLP layers [20] or across all internal states [21]. Others contrast
probes on retrieval heads[24] to come up with a conditional entropy
score. According to LLMs know more than they show[25], truth-
fulness information is encoded in the correct answer token, so they
probe there. DoLA[26] relies entirely on the contrasted logits pro-
jected from the later layers of the transformer model to amplify fac-
tual knowledge. These techniques come with their own limitations.
For example, DeCoRe cannot be applied to encoder-only models,
“Whispers” and “LLMs Know More Than They Show” do not gen-
eralize across datasets or tasks, and DoLA cannot correct misinfor-
mation acquired during pre-training. Despite their limitations, these
works push toward LLMs that can introspectively assess and improve
the factual integrity of their own outputs.

Figure 4.
An overview of the general pipeline followed by various methods for detect-
ing and mitigating hallucinations in LLMs. The placement of the probes can
be anywhere within the LLM and input/output tokens depending upon the
probing technique being used

4.5 Advances in Commonsense Knowledge Graphs
and Concept Extraction

Commonsense knowledge enables LLMs to understand and gener-
ate human language in a natural and contextually appropriate man-
ner. Unlike factual knowledge, commonsense knowledge often in-
cludes inferential, intuitive, and often culturally grounded associa-
tions about the physical world, social behaviors, and everyday events.
This type of knowledge is essential for various natural language
processing (NLP) tasks such as question-answering (QA) and dia-
logue systems. Because commonsense knowledge is often implicit
and rarely stated directly in textual data used to train LLMs, devel-
oping methods to help LLMs with the ability to acquire and apply
such knowledge has sparked interest from the research community.

Recent advances in large pre-trained language models (PLMs)
have opened up new avenues for both storing and applying common-

sense knowledge, whether by encoding it implicitly in model param-
eters, prompting the models directly, or distilling their internal repre-
sentations into structured resources such as knowledge graphs. Zhou
et al. (2020) [31] presented a pretraining method, concept-aware lan-
guage model (CALM), which enhances commonsense knowledge by
packing it into the parameters of a transformer-based model without
relying on external knowledge graphs and enables the model’s better
performance on natural language understanding (NLU) and gener-
ation (NLG) tasks. Fang and Zhang (2022) [30] introduced a data-
efficient concept extraction method from the internal representation
of PLMs for commonsense explanation generation tasks; for exam-
ple, given the counter-commonsense claim “The school was open
for summer,” the method prompts the model to extract commonsense
concepts like “vacation” and “holiday” from it to support explanation
generation. Additionally, efforts have also extended to multilingual
settings in this field. For example, CN-AutoMIC [27] is a Chinese
Commonsense knowledge graph (CKG) extracted from mT5-XXL,
one of the biggest publicly available multilingual PLMs, and is found
to surpass the direct translation version of similar English CKGs in
quality and diversity.

LLMs often appear to “know” a lot of commonsense knowledge,
i.e. the everyday understanding of how the world works. But this
knowledge is usually hidden inside the model in a way that is hard
to see and understand, or use directly. Researchers are working to
identify what commonsense LLMs have and learn how to use such
knowledge more effectively in tasks like QA, reasoning, and expla-
nation. A core research question is: How can we extract, represent,
and apply the commonsense knowledge embedded in large language
models in a way that makes it visible, interpretable, and useful for
various downstream tasks? Consider an example in which an LLM is
presented with the sentence “Jack dropped a glass on the floor” and
asked, “What likely happened next?” A human would easily infer
that the glass probably broke, relying on commonsense knowledge
about the fragility of glass and universal gravitation, while the model
may produce a plausible answer, such as “the glass shattered”, the
reasoning behind that response (e.g., “glass is fragile” or “dropping
causes impact”) may remain hidden. Future work may explore sys-
tematically mining the model’s internal "world state", the common-
sense knowledge base which stores its perceptions of the world and
conditions its decisions across tasks.

Figure 5.
An illustrative diagram of the process of applying LLMs’ commonsense
knowledge on downstream tasks and extracting LLMs’ commonsense knowl-
edge into structural representations.
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4.6 Probing and Editing Knowledge Neurons in Large
Language Models

Large Language Models often produce factual statements with high
confidence, yet little is understood about how these facts are stored
within the model’s internal structures or retrieved at inference time.
The overarching aim of this body of work is to edit the factual knowl-
edge stored within an LLM and replace it with custom knowledge,
resulting in a safe knowledge boundary useful for safety-critical ap-
plications, such as in the medical field. Early work by Dai et al.
[44] first introduced the concept of “knowledge neurons", individ-
ual neurons whose activations are strongly correlated with factual
recall. Follow-up research demonstrated that factual information is
typically distributed redundantly across overlapping neuron subsets
called "degenerate neurons" rather than isolated units [32]. More re-
cent developments have proposed query-sensitive localization meth-
ods that dynamically identify neuron groups most relevant to a given
input [35], challenging the earlier view that factual knowledge re-
sides in fixed, localized neurons. The various activations can be seen
in Figure 6. These advances enable precise model editing, as demon-
strated by [33][22] without the need for complete retraining, laying
the foundation for more robust and controllable language models.

These findings oppose prior assumptions about knowledge attribu-
tion and introduce new complexity to the problem of factual knowl-
edge editing. As seen in practice, the phrasing of a factual statement
can be expressed in semantically diverse ways. This variance, cou-
pled with the redundancy of fact encoding across different shifting
neuron groups, needs to be taken into account when formulating a
knowledge editing framework. Imagine a language model trained on
facts like “Paris is the capital of France” and “Einstein was born
in Ulm.” These two facts, although related, are stored in entirely
separate groups of neurons. To retrieve or edit a fact, earlier meth-
ods try to locate knowledge neurons whose activation significantly
correlates with “Paris” or “Einstein”[44]. Follow-up techniques dy-
namically identify degenerate neurons; the same fact being redun-
dantly stored across disjoint neuron subsets[32], and query-relevant
neurons whose activation varies with input phrasing. For instance,
one neuron group may represent “Einstein” in physics contexts, and
another when queried in German geography. Therefore, editing Ein-
stein’s birthplace without affecting his contributions to physics re-
quires identifying and modifying only the relevant neuron group.
This has been addressed by [35]. PMET[33] and DEPN[22] provide
specialized techniques to update the identified hidden states, thereby
editing factual knowledge or hiding private facts within the LLM. Re-
searchers have also tried to provide solutions for decoder-only mod-
els and long-form generation[36]. Together, these advances converge
on a more nuanced view: factual knowledge in LLMs is not stored
in isolated neurons but in query-dependent, structurally connected,
and sometimes degenerate neuron sets. Identifying, interpreting, and
editing these sets remains an evolving frontier toward better control-
lability and transparency of LLMs. The existence of query-specific
knowledge neurons is still not properly understood and may be at-
tributed to the pre-training process[35].

5 Conclusion

This systematic review consolidates current knowledge on how
LLMs autonomously determine the limits of their internal knowl-
edge without recourse to external retrieval or prompting. The six the-
matic clusters identified collectively show that an LLM’s parameters
already encode both factual content and rich uncertainty cues. Ap-

Figure 6.
A simplified illustration of how factual knowledge is stored, discovered, and
edited in transformer-based language models. First, a user query (e.g., “Where
was Einstein born?”) activates a dynamic set of neurons. Then, editing meth-
ods like PMET precisely modify only the relevant neurons (e.g., to change
Einstein’s birthplace from “Ulm” to “Vienna”).

proaches grounded in graph alignment and relational tracing demon-
strate that latent representations can be projected onto structured on-
tologies, while studies of decoding dynamics and activation patterns
reveal reliable internal markers of epistemic confidence thus estab-
lishing a principled foundation for models that can both expose and
regulate their own knowledge limits without external instrumenta-
tion and work on neuron localization further indicates that factual
memories can be modulated with minimal collateral impact, suggest-
ing a path toward precision governance of model behavior. Despite
the progress within approaches for knowledge boundary detection
in LLMs, every existing method that directly attacked the problem
of introspective boundary formalization retains some dependence
on externally curated thresholds, priors, or evaluation scaffolds, in-
dicating that a fully self-referential boundary detector remains an
open challenge. Future research should prioritize sealed-loop bench-
marking that perturbs only internal states, develop lightweight fusion
modules that integrate heterogeneous epistemic signals into unified
abstention mechanisms, and embed interactive boundary visualiza-
tions within model documentation to expose domain-specific blind
spots before deployment. Framing knowledge-boundary detection as
an integrated systems problem, spanning representation, inference,
and governance, will be essential for realizing language models that
can rigorously declare the limits of their knowledge and thus be
trusted in high-stakes settings.
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