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Abstract
Large Language Models (LLMs) have been increasingly studied
as neural knowledge bases for supporting knowledge-intensive
applications. However, the structural organization of their knowl-
edge remains unexplored. Inspired by cognitive neuroscience, such
as semantic clustering and priming, where knowing one fact in-
creases the likelihood of recalling related facts, we investigate an
analogous knowledge homophily pattern in LLMs. To this end, we
map LLM knowledge into a graph representation through knowl-
edge checking at triplet/entity levels. After that, we analyze the
knowledgeability relationship between an entity and its neighbors,
discovering that LLMs tend to possess a similar level of knowledge
about relevant entities positioned closer in the graph. Motivated
by this homophily principle, we propose a Graph Neural Network
(GNN) regression model to estimate entity-level knowledgeability
scores for triplets by leveraging their neighborhood scores. The
predicted knowledgeability enables us to prioritize checking less
well-known triplets, thereby maximizing knowledge coverage un-
der the same labeling budget. This not only improves the efficiency
of active labeling for fine-tuning to inject knowledge into LLMs
but also enhances multi-hop path retrieval in reasoning-intensive
question answering. Our code and supplementary is available at
https://github.com/utkarshxsahu/kgc.
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• Computing methodologies → Natural language processing.
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Figure 1: We check whether LLM knows about triple facts
and aggregate them to obtain entity knowledgeability scores.
The visualized entity-level scores reveal the knowledge ho-
mophily, where topologically close entities form distinct
high/log-knowledge (red/blue) communities. Graph layout
is by ForceAtlas2 [9] to preserve topological proximity.
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1 Introduction
Large Language Models (LLMs) have emerged as powerful neu-
ral knowledge bases by encoding vast amounts of world knowl-
edge within their neural parameters [10, 22]. This neural-embedded
knowledge enables LLMs to produce contextually relevant and fac-
tually rich responses, supporting real-world applications such as
fact checking [12] and question answering [11, 33]. To better ex-
plore this neural knowledge base, researchers have devised knowl-
edge checking methods to investigate the knowledge patterns of
LLMs [1, 38] and leveraged the derived insights to guide knowledge-
intensive tasks, including adaptive retrieval [7, 35, 36], knowledge
editing [26], and hallucination detection [27].
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Despite various knowledge patterns identified previously [10, 22,
37], little attention has been given to whether LLMs’ knowledge ex-
hibits structural organization. In fact, in cognitive neuroscience [13],
several works have highlighted the semantic clustered patterns of
the neural knowledge in human brain networks: (i) semantic cluster-
ing in memory recall, where people tend to retrieve related words
together (e.g., recalling “dog, cat, horse” in sequence) [2, 17], and (ii)
homophily brain networks, where regions with similar functions or
inputs are more likely to connect [29]. Analogously, we hypothesize
that LLMs also exhibit a similar knowledge homophily pattern, i.e.,
they tend to possess similar levels of knowledge about conceptually
related entities, as illustrated in Figure 1 by checking GPT-3.5’s
knowledge about triplets from WD50K dataset. Discovering this
phenomenon sheds light on how knowledge in LLMs is structurally
organized and informs solutions for knowledge-intensive tasks. In
particular, estimating a concept’s knowledgeability from related
concepts helps identify weaker regions, enabling more efficient la-
beling for knowledge injection and retrieval as shown in Section 4.

Motivated by homophily in other disciplines [15, 32], this paper
uncovers this pattern in LLMs and develops graph models to predict
knowledgeability. These predictions identify less-known regions
to guide efficient fine-tuning and enhance retrieval for multi-hop
question answering. Our contributions are:

• Knowledge Homophily Discovery: We demonstrate the exis-
tence of knowledge homophily in LLMs by measuring knowledge
at triplet/entity levels, showing that topologically close entities
tend to exhibit similar knowledgeability scores.

• Knowledge Homophily Application: We leverage the discov-
ered knowledge homophily to develop a GNN-based estimator
that infers the entity knowledgeability, and showcase two appli-
cations enhancing knowledge injection efficiency and guiding
multi-hop retrieval for question-answering.

2 Related Work
Knowledge Checking for LLMs as Knowledge Bases (KBs).
LLMs have evolved into general-purpose agents and neural knowl-
edge bases for knowledge-intensive applications [21, 24]. How-
ever, unlike prior knowledge bases with explicit schemas [31], LLM
knowledge is implicitly encoded and largely non-interpretable. This
lack of transparencymotivates the need to verify what LLMs “know”
and ensure their reliable use. Existing knowledge checking methods
can be categorized into verifying factual accuracy [8, 12], assessing
self-awareness [10, 30], and evaluating knowledge coverage and
consistency against internal or external sources [14, 16]. While
effective, they focus on knowledge content rather than structure.
Structured Understanding of LLMs as Knowledge Bases. Exist-
ing structured understandings of LLM knowledge focus on model
parameters from two perspectives. The first examines where knowl-
edge is stored, showing that feed-forward layers act as key–value
memories for factual knowledge [6], with factual associations often
localized and editable in mid-layer “knowledge neurons” [3, 18].
The second investigates how knowledge is structurally organized.
[20] evaluates properties such as symmetry, hierarchy, and path-
following, revealing failures in complex relational reasoning. De-
spite exposing implicit structure in LLM knowledge, the role of
homophily remains largely unexplored.

Prompt 1: LLM-based Triplet Evaluation
SystemMessage: Evaluate the statement based on your knowledge and
respond with True or False.
Given: Triplet T = (sub, rel, obj) , Date 𝐷 (Temporal Version)

Template: Relation→ Pattern (e.g., son_of→ {SUB} is the son of {OBJ}.)
Procedure:
(1) Retrieve relation-based template for rel in triplet T.
(2) Fill {SUB}→sub, {OBJ}→obj from T to get statement S.
(3) Append S on Date 𝐷 (Temporal Version)
(4) Prompt System Msg + User Msg: S to the LLM.
(5) Record the model output in the format of True/False

3 Knowledge Homophily Discovery
This section investigates knowledge homophily. We first compute
triplet-level knowledgeability and aggregate it into entity-level
scores, then assess homophily by measuring knowledgeability dif-
ferences between neighboring entities in Section 3.2.1 and qualita-
tively visualizing these scores in Section 3.2.2.

3.1 Knowledgeability Computation
To examine whether LLMs exhibit consistent knowledge about
neighboring entities, we first evaluate knowledgeability at the
triplet level and then aggregate it to obtain an entity-level score.
Given triplets T = {(𝑠𝑖 , 𝑑𝑖 , 𝑟𝑖 )} | T |

𝑖=1 from the knowledge graph,
where a source entity 𝑠𝑖 is connected to a destination entity 𝑑𝑖
via relation 𝑟𝑖 , we define the knowledgeability of the LLM on triplet
(𝑠𝑖 , 𝑑𝑖 , 𝑟𝑖 ) as K(𝑠𝑖 , 𝑑𝑖 , 𝑟𝑖 ), reflecting how well the LLM knows about
this relational fact. For each entity 𝑠𝑖 , we denote its neighbor entity
set as N(𝑠𝑖 ), representing the entities adjacent to 𝑠𝑖 as either head
or tail, and their corresponding neighbor triplet set as T (𝑠𝑖 ). The
entity-level knowledgeability of 𝑠𝑖 , denoted as K(𝑠𝑖 ), is derived by
aggregating knowledgeability scores over its neighboring triplets,
capturing how well the LLM knows about entity 𝑠𝑖 . Next, we intro-
duce details of calculating triplet and entity knowledgeability.

3.1.1 Calculating Triplet Knowledgeability. Following prior work
showing that LLMs are generally well-calibrated in knowing what
they know [1, 10, 22], we convert each triplet (𝑠𝑖 , 𝑑𝑖 , 𝑟𝑖 ) into a natu-
ral language statement and prompt the LLM to judge whether it rec-
ognizes the fact. The model response is recorded as a binary value,
with True/Falsemapping to 1/0, representing its knowledgeability
about the triplet K(𝑠𝑖 , 𝑑𝑖 , 𝑟𝑖 ). For temporal triplets (𝑠𝑖 , 𝑑𝑖 , 𝑟𝑖 , 𝑡) (e.g.,
“Donald Trump made a visit to China on 2017-11-08.”), we extend
the prompt to include the timestamp, allowing us to assess the
temporal dimension of LLM knowledgeability. Prompt 1 illustrates
the template, with temporal variants highlighted in red.

3.1.2 Calculating Entity Knowledgeability. Given the above triplet
knowledgeability, we obtain 𝑣𝑖 entity knowledgeability by aggre-
gating scores of all triplets involving 𝑣𝑖 [23]:

K(𝑣𝑖 ) = | T (𝑣𝑖 ) |−1
∑︁

(𝑠,𝑑,𝑟 ) ∈T (𝑣𝑖 )
K(𝑠,𝑑, 𝑟 ) . (1)

Note that the above neighborhood aggregation naturally extends
to temporal triplets (𝑠, 𝑑, 𝑟, 𝑡) ∈ T (𝑣𝑖 ), allowing temporal informa-
tion to be incorporated into the entity knowledgeability calculation.
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Figure 2: (a): Homophily distribution of node knowledgeabil-
ity; (b): Average knowledge homophily across datasets/LLMs
with black dashed line showing a classic high homophily
Citeseer (0.74) dataset for node classification [32].

3.2 Homophily Computation and Analysis
We evaluate whether topologically close entities share similar
knowledgeability, i.e., the homophily of entity knowledgeability
H(𝑣𝑖 ). Following [15], we compute knowledgeability homophily
as one minus the average absolute knowledgeability difference
between central node 𝑣𝑖 and its neighbors N(𝑣 𝑗 ):

H(𝑣𝑖 ) = 1 − 1
|N (𝑣𝑖 ) |

∑︁
𝑣𝑗 ∈N(𝑣𝑖 )

|K (𝑣𝑖 ) − K (𝑣𝑗 ) | (2)

where a smaller difference between neighboring entities,
|K(𝑣𝑖 ) − K(𝑣 𝑗 ) |, leads to a higher homophily value H(𝑣𝑖 ). We
empirically quantify triplet/entity-level knowledgeability and
analyze homophily patterns both quantitatively and qualitatively.
We evaluate five representative LLMs, GPT-3.5, 4o, Gemini-2.5
Flash, LLaMA3.3-70B, and DeepSeek-V3, across five knowledge
graphs: MVPKG [19], T-Rex [4], PharmKG [39], WD50K [5], and
CoDEx-S [25]. T-Rex, WD50K, and CoDEx-S capture general
Wikipedia knowledge, while PharmKG8K and MVPKG focus on
biomedical and political domains. Graph visualizations in Figures 1
and 3 use ForceAtlas2 [9] to position topologically close nodes
visually close, enabling an intuitive assessment of whether they
share similar knowledgeability scores.
3.2.1 Quantitative Analysis of Node/Graph Knowledge Homophily.
Figure 2(a)/(b) shows node/graph-level homophily across multiple
knowledge graphs. In Figure 2(a), node homophily distributions are
right-skewed and peak near 0.8, indicating that most entities share
similar knowledgeability with their neighbors. This high homophily
is known to benefit node-level prediction tasks [40], motivating
our use of regression for entity knowledge estimation (Section 4.1).
Incorporating temporal information in MVPKG causes a slight left
shift. In addition, Figure 2(b) reports average graph homophily,
which consistently exceeds that of the Citeseer benchmark [28,
34] across datasets/LLMs, indicating that the observed homophily
aligns with the conventional “high-homophily” level [15].

We further compare knowledge homophily to a degree-matched
random baseline by replacing each node’s true neighborhoodN(𝑣)
with a randomly sampled peer group N̂ (𝑣) of the same size from
the graph, and computing homophily relative to this group. True-
neighborhood homophily is significantly higher than the random
baseline (100 trials per dataset, two-tailed z-test, 𝑝 < 0.01) with
tight 99% confidence intervals. As shown in Figure 3(a), this confirms
that knowledge homophily is not a random artifact but an intrinsic
structural property of LLMs’ knowledge organization.

Figure 3: (a) Neighboring nodes possess similar knowledge-
ability scores to randomly sampled nodes ; (b) Entities with
their distinct knowledgeability levelsK(𝑣) indicated by node
color (Red = High, Blue = Low).

3.2.2 Qualitative Analysis of Knowledge Homophily. Figure 3(b)
visualizes a T-Rex subgraph colored by knowledgeability K(𝑣). A
geopolitical neighborhood forms a high-knowledge region, while a
historical football cluster is similarly coherent but with lower knowl-
edgeability. Despite varying means, the small intra-neighborhood
deviations in both groups confirm strong knowledge homophily.

4 Knowledge Homophily Application
After discovering the knowledge homophily, where topologically
proximate entities exhibit similar knowledgeability, we apply this
insight to two knowledge-intensive tasks: (1) homophily-aware
knowledge checking for efficient fine-tuning, and (2) homophily-
aware knowledge retrieval for enhanced question answering. We
train a GNN-based model to estimate entity-level knowledgeability
from neighborhood signals and identify triplets in low-knowledge
regions. These triplets are then prioritized for fine-tuning to maxi-
mize knowledge injection or for retrieval to complement missing
knowledge in answer generation. Both tasks rely on knowledge-
ability estimation to pinpoint knowledge gaps.

4.1 Homophily-aware Knowledge Estimation
Given that homophily is a sufficient condition for high-utility GNN
predictions [15], we design a GNN-based regression model to per-
form message-passing, aggregate neighboring embeddings, and
predict unknown entity scores. Specifically, given a set of entities
VTrain with known knowledgeability (by prompting LLMs), we
train a GNN to estimate the knowledgeability of unseen entities. At
each layer, the model performs Message Passing (MP) and Feature
Transformation (TR), followed by regression:

K̂𝑙
𝑖 = MP𝑙

(
K̃𝑙−1

𝑗 | 𝑣𝑗 ∈ N(𝑣𝑖 ) ∪ 𝑣𝑖
)
, K̃𝑙

𝑖 = TR𝑙 ( K̂𝑙
𝑖 ), (3)

L =
1

|VTrain |

∑︁
𝑣𝑖 ∈VTrain

���K̃𝑙
𝑖 − K𝑖

���2 , (4)

The initial node feature matrix is K̃0 = [X1, . . . ,X𝑣|V| ]⊤, where
each node featureX𝑣𝑖 is a dense textual embedding from pretrained
languagemodels. After training onVTrain, themodel is further used
to infer the knowledgeability scores for all entities in the knowledge
graph, eliminating the need for resource/time-intensive knowledge
probing via exhaustive LLM prompting. We utilize the estimated en-
tity knowledgeability scores to guide triplet selection for LLM fine-
tuning (Section 4.2) and to guide retrieval for reasoning-intensive
multi-hop QA (Section 4.3). Due to space constraints, we summarize
the setup, and full details are in Figure 4 of Supplementary.

https://github.com/utkarshxsahu/kgc/blob/main/Supplementary.pdf
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Table 1: Performance comparison of fine-tuning with triplets
selected by knowledgeability estimated by Random, MLP,
and GNN. Best result in bold and second-best underlined.
L=Llama3-8B, M=Mistral-7B. Selection Quality: percentage
of triplets selected for fine-tuning that are unknown to base
LLMs. Generalization Gain: percentage of additional 2% eval-
uation triplets identified by the fine-tuned LLMs. Detailed
setting is visualized in Figure 4 in Supplementary.

Task Method
T-Rex PharmKG WD50K MVPKG CoDExS

Avg.
L M L M L M L M L M

Se
le
ct
io
n

Q
ua

li
ty Rand 36.5 44.8 81.9 72.8 41.2 46.8 68.5 66.3 33.8 51.7 54.4

MLP 38.4 48.7 84.8 77.0 44.3 47.8 67.9 68.6 39.1 57.8 57.4
GNN 37.3 54.5 87.6 79.2 49.6 50.6 72.2 71.5 45.5 63.9 61.2

G
en

er
al
iz
a-

ti
on

G
ai
n Base 63.3 64.0 17.8 55.3 54.8 42.9 26.1 52.3 64.9 58.5 49.9

Rand 86.4 81.9 34.9 41.3 57.8 56.3 30.7 65.1 78.8 72.1 60.5
MLP 87.9 90.2 35.8 57.2 56.1 53.2 42.8 74.5 73.7 85.2 65.6
GNN 89.1 91.9 37.0 60.7 58.8 55.1 44.5 76.7 75.6 88.0 67.7

4.2 Homophily-guided Knowledge Injection
We leverage the homophily to estimate triplet knowledgeability
and prioritize selecting less-known triplets for fine-tuning LLMs
within a fixed budget, thereby enabling more effective knowledge
injection into LLMs. For each dataset, we allocate 4000 triplets
as the knowledge-checking budget for selection and fine-tuning,
with an additional 2% of all triplets reserved as the test set. Within
the 4000 budget, 20% of triplets are sampled as anchor points, for
which we directly query the base LLM to obtain ground-truth bi-
nary knowledgeability scores (Section 3.1). These anchors provide
labeled data to estimate the knowledgeability of their associated
entities, which is used to train a GNN model (Eq. (4)) and predict
knowledgeability scores for all remaining entities. Based on these
predictions, we prioritize triplets with lower-scored entities from
the remaining 80% unqueried pool to complete the 4000-triplet set
for fine-tuning. We benchmark this triplet selection against two
baselines: Random, which uniformly samples triplets, and MLP,
which estimates knowledgeability without homophily, eliciting the
knowledge homophily contribution to knowledge estimation. We
experiment with LLaMA3-8B(L) and Mistral-7B(M).

Table 1 evaluates homophily-guided knowledge injection from
two perspectives: selection quality and generalization gain. For
selection quality, we assess whether the chosen triplets better cap-
ture the knowledge deficiencies of LLMs. Among the 4000 triplets
selected for fine-tuning, we compute the percentage that the base
LLM does not recognize, following the procedure in Section 3.1. A
higher score indicates that more selected triplets are unknown to
the LLM and thus more valuable for fine-tuning. Our GNN regressor
achieves the highest proportion of unknown triplets, outperform-
ing MLP and Random selection. This demonstrates the advantage
of incorporating homophily into GNN design in enabling more ef-
fective estimation of ground-truth knowledgeability for knowledge
injection. For generalization gain, we test whether fine-tuning on se-
lected triplets improves the knowledgeability over the reserved 2%
held-out set. The best performing GNN regressor confirms that its
higher selection precision translates into stronger knowledge gen-
eralization. This superior generalization gain holds across different
evaluation budgets from 1% to 20% in Figure 5 in Supplementary.

Table 2: Multi-hop Question Answering Accuracy by GPT4-
as-a-Judge; M=MLP, G=GNN, BS=Beam Search, H = Hop

Dataset T-Rex PharmKG WD50K MVPKG CoDExS
Q-Hop 2-H 3-H 2-H 3-H 2-H 3-H 2-H 3-H 2-H 3-H

Base 30.9 22.6 21.4 16.0 25.1 17.2 24.4 19.1 28.6 20.4
M-BS 33.8 23.1 21.7 16.2 25.8 17.3 24.9 19.4 29.9 20.5
G-BS 34.2 23.7 22.2 16.6 26.0 17.5 25.4 19.5 31.1 20.9

4.3 Homophily-guided Knowledge Retrieval
We test whether the estimated knowledgeability can guide en-
tity retrieval to provide better context for question-answering. For
each KG, we generate 1000 questions (500 2-hop/500 3-hop). Entity
knowledgeability K(𝑣) is predicted with a GNN regressor trained
on 40% of entities labeled by GPT-3.5, excluding entities for generat-
ing 1000 evaluation questions.We embed both entities/relations and
questions using all-MiniLM-L6-v2. Starting with entity linking
in the question, we run beam search up to the hop limit and score
each neighbor by its knowledgeability K(𝑣) and semantic similar-
ity S(𝑟 | |𝑑, 𝑞) to the question 𝑞 where 𝑟 | |𝑑 represents its relation 𝑟

concatenated with the tail entity 𝑑 . Baselines are as follows:
• Baseline (Semantic Beam Search): It retrieves paths using
beam search guided solely by the semantic similarity S(𝑟 | |𝑑, 𝑞)
between the path (relation + tail entity) and the input question.

• Knowledge-aware Beam Search (BS): This method adjusts
beam search to favor less-known entities. For each expansion, the
semantic scoreS is penalized by the next entity knowledgeability,
K(𝑢). The final score isS×(1−𝛼 ·K(𝑢)) with 𝛼 being weighting
factor. Entities with lower knowledgeability receive higher re-
trieval priority, achieving knowledge-aware search. Beam Search
(BS) with GNN/MLP as knowledge estimator are G-BS/M-BS.
Using a GPT-3.5 reader (restricted to retrieved triples) evaluated

by GPT-4, we find that M/G-BS consistently outperforms the Base-
line, as shown in Table 2. Crucially, G-BS surpasses the homophily-
agnostic M-BS, validating the advantage of structural knowledge
homophily. G-BS achieves a 4.57% improvement on 2-hop queries
(favoring general KGs). While performance declines for all meth-
ods on 3-hop queries due to semantic drift, G-BS still secures a
2.62% improvement. These gains remain consistent across training
budgets, as shown in Figure 6 in Supplementary.

5 Conclusion
Inspired by the structural knowledge organization in the human
brain, we investigate homophily in LLMs’ neural knowledge and
validate it via correlated knowledgeability scores among neighbor-
ing entities in knowledge graphs. Building on this observation, we
propose a GNN-based regressor that exploits local neighborhoods
to estimate entity-level knowledgeability.We verify its effectiveness
in selecting less-known triplets for efficient knowledge injection
via fine-tuning, and in improving retrieval for multi-hop question
answering. In the future, we plan to explore uncertainty-aware
knowledge verification and dynamic homophily modeling to cap-
ture how homophily evolves as LLMs acquire new information.
Acknowledgements
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6 Ethical Considerations
Knowledge homophily, where topologically proximate entities ex-
hibit similar knowledgeability, amplifies the risk of knowledge-
extraction attacks. Adversaries can exploit this structure by crafting
queries over cohorts of related entities, thereby maximizing unin-
tended information disclosure. This poses privacy and copyright
risks, as semantically clustered entities facilitate reconstruction of
sensitive facts. To mitigate these threats, several defensive strate-
gies can be employed, including query pre-filtering and sanitization,
rate-limiting cohort-based requests, prompt-level heuristics that
block verbatim proprietary content, and detector or red-teaming
mechanisms for identifying adversarial extraction patterns. When
combined with fine-grained access control and differential privacy
constraints, these measures can substantially reduce the attack
surface introduced by knowledge homophily.
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