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Abstract

Personalized reading assistance requires iden-
tifying specific concepts a reader finds unfa-
miliar. While prior work on personalized dif-
ficulty prediction has focused on the word or
jargon level, a reader’s knowledge boundary is
more naturally defined over entities grounded
in knowledge bases. In this paper, we intro-
duce a novel task of predicting entity-level fa-
miliarity for individual readers and propose a
graph-based framework for prediction. The
system extracts Wikipedia entities from a docu-
ment, constructs a document-specific graph in
the entity embedding space, selects maximally
informative seed entities for reader annotation
through active learning, and propagates these
sparse labels to the remaining entities. We eval-
uate the framework on 90 Wikipedia articles
across five knowledge domains, and find that
our method outperforms GPT-4.1-mini and per-
forms comparably to Qwen2.5-72B-Instruct-
AWQ without requiring LLM inference. Ab-
lation experiments confirm the contribution of
each component. We further analyze the im-
pact of incorporating structured knowledge and
popularity-guided directed propagation, find-
ing that both yield domain-dependent effects
rather than universal gains. These results lay a
practical foundation for constructing reading as-
sistance systems that adapt to individual knowl-
edge backgrounds. Our code and data are avail-
able at https://github.com/yyushuyui/
entity-familiarity-prediction.

1 Introduction

Personalized reading assistance requires identify-
ing the specific concepts a reader finds unfamil-
iar. When a reader encounters an unknown entity,
such as a technical term like MOSFET or a cultural
concept like Peking Opera, it immediately dis-
tracts their attention and forces them to look up
definitions elsewhere, thus interrupting the reading
process. This mismatch between what the content

Peking Opera

Peking opera originated in Beijing during the
Qing dynasty . It features elaborate Lianpu face paint-
ings and is an iconic form of Chinese theater , combin-
ing singing, acting, and acrobatics . Famous female
roles, known as Dan , were traditionally performed by
male actors such as Mei Lanfang .

Reader A
Chinese cultural background

Beijing ✓ fam.

Qing dynasty ✓ fam.

Lianpu ✓ fam.

Chinese theater ✓ fam.

Acrobatics ✓ fam.

Dan ✓ fam.

Mei Lanfang ✓ fam.

Reader B
Japanese cultural background

Beijing ✓ fam.

Qing dynasty ✓ fam.

Lianpu × unf.

Chinese theater ✓ fam.

Acrobatics ✓ fam.

Dan × unf.

Mei Lanfang × unf.

Figure 1: Two readers encounter the same article but
exhibit different knowledge boundaries. Reader A
(Chinese cultural background) is familiar with culture-
specific entities such as Lianpu, Dan and Mei Lanfang,
while Reader B (Japanese cultural background) finds
them unfamiliar. Our task is to predict this individual-
level knowledge boundary over entities.

assumes a reader knows and what they actually
know varies across individuals (Guo et al., 2024).
As illustrated in Figure 1, two readers with dif-
ferent cultural backgrounds can exhibit markedly
different knowledge boundaries over the same ar-
ticle: entities that are obvious to one reader may
be entirely unknown to another. Existing meth-
ods for identifying difficult terms mainly rely on
corpus-level familiarity indicators rather than the
needs of individual readers (Guo et al., 2024), so
the same explanations are offered to all readers,
overwhelming experts with redundant information
while leaving novices under-served. The fundamen-
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tal bottleneck is not the generation of explanations,
but the upstream problem of predicting what an
individual reader already knows.

Prior work on personalized difficulty prediction
has focused almost exclusively on the word or jar-
gon level (Gooding and Tragut, 2022; Guo et al.,
2024), where predicting difficulty for individual
readers remains challenging (Nohejl et al., 2024).
The closest methodological precedent is Ehara et al.
(2014), who formalize vocabulary prediction as
graph-based active learning over word graphs built
from corpus frequency and domain information.
However, a reader’s knowledge boundary is more
naturally defined over entities, which are struc-
tured concepts grounded in knowledge bases, rather
than surface-level lexical items; knowledge graphs
provide rich structured facts about entities that
text-only representations rarely incorporate (Zhang
et al., 2019). Adaptive learning research likewise
models learners’ knowledge together with the struc-
ture of knowledge items (Liu et al., 2019). To our
knowledge, no prior work predicts entity-level fa-
miliarity for individual readers across domains by
leveraging knowledge graph structure.

In this paper, we introduce a novel task of pre-
dicting entity-level familiarity for individual read-
ers and propose a graph-based framework for pre-
diction built on a four-stage pipeline. First, the sys-
tem extracts Wikipedia entities from a document
via entity linking using the ReFinED model (Ay-
oola et al., 2022). Second, it constructs a document-
specific subgraph by establishing a fully connected
structure among these extracted entities (referred to
as core entities) with Gaussian-kernel edge weights
derived from Wikipedia2Vec embeddings (Yamada
et al., 2020) and further enriches the subgraph
through k-nearest-neighbor expansion in the same
embedding space. Third, we select a small set of in-
formative entities using V-optimality-based active
learning on the graph Laplacian (Ji and Han, 2012),
and use them for reader annotation. Fourth, we
spread these sparse labels to all remaining entities
via label propagation.

We evaluate the framework on 90 Wikipedia
articles spanning five knowledge domains with an-
notators from diverse academic and cultural back-
grounds. Each reader provides complete famil-
iarity annotations for all entities in the corpus;
the system uses only 20 seed labels per reader to
predict the rest, and its predictions are compared
with the reader’s own annotations to assess how
well it recovers each reader’s knowledge boundary.

Our method significantly outperforms GPT-4.1-
mini and performs comparably to Qwen2.5-72B-
Instruct-AWQ, a 72B-parameter LLM, without re-
quiring LLM inference. Ablation experiments con-
firm the contribution of edge weighting, the fully
connected core graph, and active seed selection,
with Gaussian kernel weighting proving most crit-
ical. We further analyze the impact of incorporat-
ing structured relations from YAGO 4.5 (Suchanek
et al., 2024) and popularity-guided directed propa-
gation, finding that both yield domain-dependent
effects rather than universal gains. These results
demonstrate that graph-based label propagation
from minimal reader input is an effective approach
to personalized entity familiarity prediction, laying
a practical foundation for next-generation reading
assistance systems that adapt to individual knowl-
edge backgrounds.

2 Related Work

Personalized Lexical Complexity. Complex
Word Identification and Lexical Complexity Pre-
diction (LCP) traditionally treat difficulty as a uni-
versal text property (Shardlow et al., 2022; No-
hejl et al., 2024). Recent work challenges this:
Gooding and Tragut (2022) show word complexity
is reader-dependent, Ide et al. (2023) construct a
Japanese LCP dataset for non-native readers with
first-language-specific annotations, Nohejl et al.
(2024) report that individual-level prediction re-
mains difficult, and Guo et al. (2024) introduce per-
sonalized jargon identification with 11 computer
science researchers. We extend this line from lex-
ical items to knowledge-graph-grounded entities,
where relational structure provides signals unavail-
able to word-level models.

Graph-Based Active Learning and Knowledge
Tracing. Ehara et al. (2014) formalize vocabulary
prediction as graph-based active learning over word
graphs built from corpus frequency and domain in-
formation. We build on this paradigm but operate
over entities and adopt V-optimality (Ji and Han,
2012) for query selection. Our task also parallels
knowledge tracing (Corbett and Anderson, 1994;
Piech et al., 2015), which models learner mastery
from interaction sequences. However, unlike edu-
cational settings where a learner answers questions
sequentially and the system updates its estimate af-
ter each response, reading comprehension provides
no such interaction history. We therefore frame the
problem as a single-round prediction task: given
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a small set of seed annotations, the system infers
familiarity for all remaining entities over a static
entity subgraph.

Knowledge Graph-Based User Modeling.
Knowledge graphs have been widely used to
enhance user and entity representations. KGAT
(Wang et al., 2019) captures high-order relational
signals through attentive propagation, ERNIE
(Zhang et al., 2019) integrates entity knowledge
into pre-trained language models, and label
propagation (Zhou et al., 2003) provides a
principled framework for spreading sparse signals
through graph structure. Our pipeline combines
Wikipedia2Vec kNN subgraphs (Yamada et al.,
2020) with Gaussian-kernel label propagation
in a lightweight architecture. Unlike prior
KG-based methods that model item preferences for
recommendation, our framework models a reader’s
knowledge state, that is, whether they are familiar
with a given concept.

Preference Learning. Jiang et al. (2024) survey
human preference learning for LLMs, and Xie et al.
(2025) identify user-modeling-based methods as
one of three categories of personalized alignment
techniques, alongside training-time and inference-
time methods. A reader’s familiarity with an en-
tity is itself a preference signal, as it determines
whether an explanation is needed. Our work pro-
vides the modeling infrastructure for this signal at
the entity level, bridging the gap between word-
level complexity prediction and system-level per-
sonalized assistance.

3 Methodology

When a reader opens a document, they may be
familiar with some of the concepts mentioned but
unfamiliar with others. Our goal is to automatically
identify which entities in a document a specific
reader already knows, without having to ask about
every single one. We use Wikipedia entities as our
unit of concepts, as they provide unique, structured
representations of real-world knowledge that go
beyond surface-level words.

Formally, given a document D and a reader r,
let E = {e1, e2, . . . , en} be the set of Wikipedia
entities identified in D through entity linking. For
each entity ei, we predict a binary label yi ∈ {0, 1},
where yi = 1 indicates familiarity and yi = 0 indi-
cates unfamiliarity. Following prior work on per-
sonalized word, vocabulary, and jargon difficulty

(Gooding and Tragut, 2022; Ehara et al., 2014; Guo
et al., 2024), we treat familiarity as binary.

Querying the reader about every entity is imprac-
tical when n is large. Instead, we select a small
subset Q ⊂ E of q ≪ n entities for the reader to
annotate and propagate these labels to the remain-
ing entities. Our approach exploits the relational
structure of entity familiarity: for a given reader,
semantically similar entities tend to share famil-
iarity status. This is the smoothness assumption
behind label propagation (Zhu and Ghahramani,
2002; Zhou et al., 2003), also adopted by Ehara
et al. (2014) for vocabulary prediction. We formal-
ize this intuition by constructing a weighted entity
graph and performing label propagation over it.

As illustrated in Figure 2, our pipeline consists
of four stages: (1) entity extraction (§3.1), (2)
document-specific subgraph construction (§3.2),
(3) representative entity sampling (§3.3), and (4)
label propagation and prediction (§3.4). The con-
crete hyperparameter settings for each stage are
provided in the Implementation Details of §4.1.

3.1 Entity Extraction
Entity extraction identifies the key concepts in D
that a reader may or may not be familiar with, form-
ing the basis for familiarity prediction. To extract
these concepts, we apply the entity linking model
ReFinED (Ayoola et al., 2022) to identify all en-
tity mentions in D, yielding a set of core entities
E = {e1, . . . , en}. Each core entity ei is mapped
to its unique Wikipedia identifier, providing ac-
cess to a pre-trained entity embedding vi ∈ Rd

from Wikipedia2Vec (Yamada et al., 2020). En-
tities that are recognized by the linker but absent
from the embedding index are excluded from graph
construction and directly classified as unfamiliar.

3.2 Document-Specific Subgraph
Construction

To predict familiarity, we need a structure that cap-
tures how the concepts in a document relate to one
another for a given reader. Rather than operating
over the full Wikipedia2Vec entity space, which
contains millions of entities and would be computa-
tionally prohibitive, we build a graph that is specific
to the document at hand. This design choice offers
two additional advantages: it keeps the graph small
and tractable, and it avoids introducing a large num-
ber of irrelevant entities that would add noise to
label propagation.

Concretely, we construct a document-specific

1765



core entities e1, . . . , en

Entity Extraction

G = Gcore ∪ GkNN

Subgraph Construction

Σ = L
−1
reg

query set Q (ringed)

Representative Sampling

1.0 familiar 0.5 undefined 0.0 unfamiliar

Initialization Propagation

unfamiliar familiar

0.0 0.5 1.0

τ = 0.5

ŷi = 1 if si > τ , else 0

Propagation & Prediction

Figure 2: Overview of the entity familiarity prediction framework. (1) Entity Extraction (§3.1): Wikipedia
entities in the document are identified and designated as core entities. (2) Subgraph Construction (§3.2): core
entities (blue) form a fully connected clique, augmented by kNN expansion entities (red). (3) Representative
Sampling (§3.3): the V-optimality criterion greedily selects q representative core entities as the query set Q (ringed;
q = 3 in this example) for reader annotation. (4) Propagation & Prediction (§3.4): the three annotated seeds
are initialized to 1.0 (familiar) or 0.0 (unfamiliar), and all other nodes to 0.5; iterative weighted averaging then
propagates their labels to the whole graph. Nodes scoring above τ = 0.5 are predicted as familiar (green) and the
rest as unfamiliar (yellow).

entity subgraph G with vertex set V in two steps.
We first build a complete subgraph Gcore over the
n core entities, with vertex set Vcore = E . Every
pair of distinct core entities is connected by an
undirected edge, ensuring that familiarity signals
can propagate directly between any two entities
mentioned in the document.

To enrich the graph with broader semantic con-
text, we then expand the vertex set using k-nearest-
neighbor retrieval in the Wikipedia2Vec embed-
ding space, which contains vectors for over 4 mil-
lion entities. For each core entity ei ∈ Vcore, we
retrieve the k closest entities by Euclidean dis-
tance. If a retrieved neighbor e′ is not already in
Vcore, it is added to an auxiliary set VkNN and con-
nected to every core entity that retrieved it; we
denote this expansion subgraph by GkNN, so that
G = Gcore ∪ GkNN (Figure 2). The final vertex set
is V = Vcore ∪ VkNN. This topology preserves se-
mantic context while keeping the graph tractable,
as a fully connected graph over all vertices would
incur O(|V|2) edges.

All edges in G are weighted by a Gaussian ker-
nel over Wikipedia2Vec embeddings, a common
choice in label propagation (Zhu and Ghahramani,
2002):

wij = exp

(
−∥vi − vj∥2

σ2

)
, (1)

where ∥vi−vj∥ is the Euclidean distance between
entity embeddings and σ is the bandwidth param-
eter. This formulation assigns high weights to se-
mantically similar entity pairs, reflecting the in-
tuition that closely related concepts tend to share
familiarity status for a given reader.

3.3 Representative Entity Sampling
Given the graph G and an annotation budget of
q queries, we select a subset Q of core entities
that are most informative for mapping the reader’s
knowledge boundary, using the V-optimality crite-
rion (Ji and Han, 2012), which selects nodes that
maximally reduce the total predictive variance over
the graph. In the following, we use u and v to index
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entities in V , with the understanding that candidate
queries are restricted to core entities in E defined
in §3.1. We model entity familiarity as a Gaussian
random field on G, i.e., a joint Gaussian distribu-
tion whose precision matrix is the regularized graph
Laplacian defined below, so that strongly connected
entities are expected to have similar familiarity. Let
W be the weighted adjacency matrix and D the
diagonal degree matrix with Duu =

∑
v Wuv. The

normalized graph Laplacian is:

L = D−1/2(D−W)D−1/2. (2)

Adding a regularization parameter γ > 0 yields:

Lreg = L+ γI, (3)

and the covariance matrix is Σ = L−1
reg , where Σuv

captures the predictive coupling between entities u
and v: larger values indicate that observing one en-
tity’s label substantially reduces uncertainty about
the other.

We initialize Σ(0) = ΣC (the submatrix re-
stricted to core entities) and greedily select q enti-
ties to minimize total remaining variance. At each
step t, we choose the entity v∗ whose observation
yields the largest reduction in total variance over
all core entities:

v∗ = arg max
v∈E\Q(t−1)

∑
u

(
Σ
(t−1)
uv

)2

Σ
(t−1)
vv

, (4)

where the sum runs over all core entities u and
Q(t−1) is the set of entities selected in the previous
t− 1 steps. The covariance matrix is then updated
via the Schur complement to condition on the se-
lected entity:

Σ(t) = Σ(t−1) − cv∗c
⊤
v∗

Σ
(t−1)
v∗v∗

, (5)

where cv∗ is the column of Σ(t−1) corresponding
to v∗. After q rounds, the selected entities Q =
{v∗1, . . . , v∗q} are presented to the reader for binary
annotation (familiar/unfamiliar).

3.4 Label Propagation and Prediction

Given the reader’s annotations on Q, we propa-
gate labels to all remaining entities via iterative
weighted averaging, following the label propaga-
tion framework of Zhu and Ghahramani (2002).

Each node v receives an initial familiarity score:

s(0)v =





1.0 if v is annotated as familiar,
0.0 if v is annotated as unfamiliar,
0.5 otherwise (unlabeled).

(6)
At each iteration t, every unlabeled node v updates
its score as the weighted average of its neighbors:

s(t+1)
v =

∑
u∈N(v)wvu · s(t)u∑

u∈N(v)wvu
, (7)

where N(v) is the set of neighbors of v and wvu is
the Gaussian edge weight from Equation (1). Anno-
tated nodes in Q retain their initial scores through-
out all iterations, acting as boundary conditions
that anchor the propagation.

After T iterations, each core entity ei has a con-
tinuous score si ∈ [0, 1]. We produce binary pre-
dictions using a threshold τ :

ŷi =

{
1 (familiar) if si > τ,

0 (unfamiliar) if si ≤ τ.
(8)

We use strict inequality so that entities remaining
at the default score of 0.5, those unreachable from
any annotated node, are classified as unfamiliar.
This reflects a conservative design principle: in a
reading assistance setting, providing an unneces-
sary explanation is preferable to omitting one for
an unknown entity.

4 Experiments

4.1 Experimental Setup
Human Evaluation. We curate 90 English
Wikipedia pages spanning three knowledge dimen-
sions: (i) Common Knowledge: 30 pages of every-
day topics; (ii) Specialized Knowledge: 15 Com-
puter Science and 15 Semiconductor Technology
pages; and (iii) Cultural Knowledge: 15 Chinese
Culture and 15 Japanese Culture pages. The spe-
cialized and cultural subcategories are designed to
probe whether the system can distinguish readers
with different domain expertise and cultural back-
grounds. The complete page list is provided in
Appendix C.

We recruit eight annotators: six with a computer
science background and two with a semiconduc-
tor engineering background. Among them, six
have a Chinese cultural background and two have a
Japanese background. We deliberately control this
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composition so that domain expertise and cultural
background, the two factors our evaluation targets,
are clearly identifiable. We extract entities from the
entire corpus using ReFinED (Ayoola et al., 2022)
and aggregate them into a single deduplicated an-
notation list. To disambiguate entities that may
share surface forms (e.g., “Java” referring to the
programming language, the island, or the coffee),
we retrieve a short description for each entity via
the Wikipedia REST API.1 This description, typ-
ically the first sentence of the entity’s Wikipedia
abstract, is presented alongside the entity name
during annotation, ensuring annotators judge the
correct referent. Each participant independently la-
bels every entity in the annotation list as “Familiar”
or “Unfamiliar,” yielding a complete ground-truth
knowledge boundary per reader. The annotation
list contains 10,130 entities, so each reader pro-
vides 10,130 labels. Because our goal is to predict
each individual reader’s knowledge boundary, ev-
ery reader must label all entities, unlike typical
crowdsourcing, where each annotator labels only a
subset and the labels are aggregated into a single
ground truth. Such complete annotation is costly,
which keeps the number of participants small, as
in prior studies on personalized vocabulary and jar-
gon prediction that collected complete labels from
15 learners (Ehara et al., 2014) and 11 researchers
(Guo et al., 2024). During evaluation, the system
sees only 20 seed labels per reader per article and
predicts the labels of the remaining entities, which
we then compare with the reader’s own annotations
to measure how accurately the system recovers that
reader’s knowledge boundary. Details of the anno-
tation protocol are in Appendix C.

Baselines. We compare our framework against
three baselines. The All-Familiar baseline labels
every entity as familiar, the more frequent label
overall. It uses no information about the reader and
thus shows what can be achieved from the label dis-
tribution alone. The two LLM baselines, GPT-4.1-
mini (OpenAI, 2025) and Qwen2.5-72B-Instruct-
AWQ (Qwen et al., 2025), receive the same 20 seed
annotations as our method and are prompted to pre-
dict the familiarity of the remaining entities via in-
context learning. Each unlabeled entity is presented
to the model together with its Wikipedia descrip-
tion to provide the same disambiguation context
given to human annotators. The full prompts are
provided in Appendix F. To ensure a fair compari-

1https://en.wikipedia.org/api/rest_v1/

Stage Parameter Value

Entity Linking Model ReFinED
kNN Expansion k (neighbors) 10
Edge Weights σ (bandwidth) 0.75
Sampling γ (regularization) 0.01

q (annotation budget) 20
Propagation T (iterations) 20
Prediction τ (threshold) 0.5

Table 1: Hyperparameter settings.

son, all methods operate under the same per-reader
seed budget and are evaluated on the same entities,
namely the core entities not used as seeds.

Implementation Details. We report the hyper-
parameter settings for our graph-based framework
described in §3; a full summary is given in Table 1.
In the graph construction stage, the kNN expansion
retrieves k=10 neighbors per core entity from the
Wikipedia2Vec embedding space using Euclidean
distance, and edge weights are computed with a
Gaussian kernel of bandwidth σ=0.75. In the ac-
tive seed selection stage, the V-optimality criterion
uses a Laplacian regularization of γ=0.01 to se-
lect an annotation budget of q=20 seed entities per
reader. In the label propagation stage, propagation
runs for T=20 iterations and a decision threshold
of τ=0.5 is applied to produce binary predictions.

We conduct sensitivity analyses over all five hy-
perparameters (k, σ, γ, q, T ) in Appendix D. The
framework is stable across all tested values: k, γ,
and T each vary by fewer than 0.3 F1 points, while
q and σ show slightly wider but still modest varia-
tion, about 3 points and under 5 points, respectively,
confirming that performance is robust to the spe-
cific hyperparameter settings.

Model sizes and computational costs are re-
ported in Appendix E.

4.2 Results and Analysis

Table 2 reports accuracy, precision, recall, and F1
with familiar as the positive class. Because labeling
every entity as familiar already yields a high F1, we
also report macro-F1: we compute F1 once with
familiar and once with unfamiliar as the positive
class and average the two, so a method must also
recognize unfamiliar entities to score well. Our
method significantly outperforms GPT-4.1-mini in
both F1 and macro-F1 and performs on par with
Qwen2.5-72B-Instruct-AWQ. It obtains the highest
accuracy and macro-F1, although the macro-F1 gap
to the 72B model is not significant. The 72B model
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Overall Per-Domain F1

Method Acc Prec Rec F1 Macro-F1 Common Chinese Japanese CS Semi.

All-Familiar 0.553 0.553 1.000 0.694 0.347 0.622 0.748 0.717 0.697 0.688
GPT-4.1-mini 0.661 0.778 0.459 0.568 0.615 0.458 0.610 0.687 0.574 0.513
Qwen2.5-72B-Instruct-AWQ 0.695 0.669 0.807 0.725 0.649 0.692 0.752 0.749 0.699 0.731

Ours 0.698 0.690 0.720 0.702 0.653 0.665 0.780 0.746 0.691 0.626

Table 2: Main results across five knowledge domains. Overall is the mean of the five domain scores. Bold marks the
best result among methods other than All-Familiar. Per-annotator breakdowns are in Appendix A.

Cultural Specialized

Chinese Japanese CS Semi.

In-domain 0.800 0.865 0.737 0.557
Out-of-domain 0.718 0.706 0.554 0.650

∆F1 +0.082 +0.159 +0.183 −0.093

Table 3: Alignment effect: mean F1 of our method when
the reader’s background matches the article domain (In-
domain) vs. otherwise (Out-of-domain).

reaches a significantly higher F1 (0.725 vs. 0.702)
by labeling more entities as familiar: it correctly
identifies more of the entities the reader knows
(recall 0.807 vs. 0.720), but more of its familiar
predictions are wrong (precision 0.669 vs. 0.690).
GPT-4.1-mini errs in the opposite direction: it la-
bels too few entities as familiar and misses more
than half of the entities the reader knows (recall
0.459). Our method lies between the two LLMs,
with precision and recall close to each other, and
requires no LLM inference. The All-Familiar base-
line obtains a deceptively high F1 only because it
never misses a familiar entity, but it never recog-
nizes an unfamiliar one, so its macro-F1 is only
0.347.

Our method performs best on the two cultural
domains and worst on Semiconductors. Compared
with Qwen2.5-72B-Instruct-AWQ, it is better on
Chinese Culture, close on Japanese Culture and
Computer Science, and behind on Common Knowl-
edge and especially Semiconductors (0.626 vs.
0.731). Full per-domain results are in Appendix B.

Table 3 shows a clear alignment effect: our
method achieves higher F1 when the reader’s back-
ground matches the article domain, with the largest
gain on Computer Science (+0.183). Semiconduc-
tors is the only exception (−0.093): its in-domain
readers label relatively few entities as familiar,
which leaves few familiar seeds for propagation.

Overall, these results show that propagating a
few labels from each reader over the entity graph is

Variant F1 ∆F1 (pp)

Full system 0.702 —

Random sampling 0.687±0.004 −1.5
Uniform weights 0.614 −8.7
Sparse core (dmax=7) 0.671 −3.1
Sparse core (dmax=8) 0.694 −0.8
Sparse core (dmax=9) 0.699 −0.3

Table 4: Ablation study results. ∆F1 reports the differ-
ence from the full system in percentage points. Random
sampling is averaged over 5 seeds.

an effective and efficient way to predict individual
knowledge boundaries: with only 20 seed labels
per reader and no LLM inference, our method sig-
nificantly outperforms GPT-4.1-mini and performs
comparably to a 72B-parameter LLM.

4.3 Ablation Study
Our framework relies on three design choices: V-
optimality for seed selection (§3.3), Gaussian ker-
nel edge weights, and a fully connected graph over
the core entities (§3.2). Each could be replaced
by a simpler alternative, namely random sampling,
uniform weights, or a sparser graph, so we conduct
ablation experiments to verify that each choice ac-
tually contributes to performance. Starting from
the full system, we replace one component at a time
with its alternative while keeping all other settings
fixed (k=10, σ=0.75, γ=0.01, q=20, T=20). Ta-
ble 4 summarizes the results.

V-optimality vs. Random Sampling. Our frame-
work relies on graph-informed seed selection to
choose the most representative entities for annota-
tion. A natural question is whether this strategic
selection genuinely outperforms simply querying
random entities. We replace V-optimality with uni-
form random sampling from the core entities and
report the mean over 5 seeds. Random sampling
degrades F1 by 1.5 points (0.687 vs. 0.702), with
low variance across seeds (±0.4 points). The im-
provement is driven by both higher precision (+0.6
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Variant Common Chinese Japanese CS Semi. Overall

Full system 0.665 0.780 0.746 0.691 0.626 0.702

+ YAGO (α=0.5) 0.662 0.785 0.754 0.686 0.621 0.701
∆F1 −0.3 +0.5 +0.8 −0.5 −0.6 0.0

+ Directed 0.594 0.726 0.660 0.610 0.597 0.637
∆F1 −7.1 −5.4 −8.6 −8.2 −3.0 −6.5

Table 5: Effect of incorporating YAGO 4.5 edges and directed propagation. Values are per-domain F1.

points) and recall (+2.5 points), indicating that V-
optimality selects seeds that better cover the knowl-
edge boundary. The gain is consistent across all five
domains, with the largest improvements in Com-
mon Knowledge (+1.9 points) and Chinese Culture
(+2.1 points), where the entity space is larger and
strategic selection matters more.

Gaussian Kernel vs. Uniform Weights. The
Gaussian kernel gives larger weights to edges be-
tween entities that are closer in the embedding
space, reflecting the assumption that closely related
concepts tend to share familiarity status. To test
whether this weighting is necessary, we set all edge
weights to a constant wij = 1. This causes the
largest drop among all variants (−8.7 F1 points),
with precision falling from 0.690 to 0.590. With
equal weights, an entity is influenced as much by
unrelated entities as by closely related ones, so fa-
miliar labels spread to unrelated entities and more
of the familiar predictions are wrong. The drop is
largest in Common Knowledge (−17.4 F1 points),
whose articles mention entities from many different
topics, so equal weights let many unrelated entities
affect each prediction.

Fully Connected Core vs. Sparse Core Graph.
Our method connects every pair of core entities,
so that labels can pass directly between any two
entities in the document. An alternative is to con-
nect only entity pairs whose embedding distance is
below a threshold dmax, which would reduce com-
putational cost for documents with many entities.
We test dmax ∈ {7, 8, 9}, where a smaller thresh-
old removes more edges. Performance degrades
gradually as the graph becomes sparser: at dmax=9
the drop is minimal (−0.3 points), but at dmax=7 it
reaches −3.1 points, mainly because fewer familiar
entities are found (recall falls from 0.720 to 0.647).
Thus, the direct edges between less similar core
entities still carry useful label information, which
indirect paths through other entities cannot fully
replace. Since a single document contains a lim-

ited number of core entities, connecting all of them
adds little computational cost, so we keep the fully
connected graph.

5 Discussion

Our framework constructs entity graphs solely from
Wikipedia2Vec embeddings and uses undirected
weighted averaging for label propagation (§3). Two
natural questions arise: (1) whether incorporating
structured knowledge from an external knowledge
base can improve the entity graph, and (2) whether
restricting propagation to one direction can reduce
noise from distant entities. Table 5 compares both
extensions with the full system.

Incorporating Structured Knowledge. Exter-
nal knowledge bases such as YAGO 4.5 (Suchanek
et al., 2024) encode taxonomic and relational
structure (e.g., subClassOf, isPartOf) that
Wikipedia2Vec embeddings may not fully cap-
ture. We augment edge weights with a binary
YAGO adjacency signal aij ∈ {0, 1}, indicating
whether entities ei and ej share at least one rela-
tion from a manually selected set of relation types
(Appendix G):

w
hybrid
ij = α · wij + (1− α) · aij , (9)

where α = 1.0 recovers the embedding-only de-
fault. Setting α=0.5 yields effectively unchanged
overall F1 (0.701 vs. 0.702). YAGO marginally
helps cultural domains (Chinese +0.5, Japanese
+0.8) but slightly hurts specialized ones (CS −0.5,
Semiconductors −0.6), likely due to limited cov-
erage introducing noisy connections. One possi-
ble explanation is that Wikipedia2Vec embeddings
already encode much of this relational structure.
Domain-adaptive graph construction that selec-
tively incorporates YAGO for domains with strong
coverage remains a promising direction.

Directed Propagation. Since every pair of core
entities is connected, each unlabeled node also re-
ceives signals from distant core entities, which may
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dilute propagation. We therefore make propaga-
tion directional, using Wikipedia pageview counts2

to estimate how general an entity is, based on the
intuition that knowing a niche concept implies fa-
miliarity with broader ones. Let pop(e) denote the
pageview count of entity e in January 2026. In the
directed variant, node v aggregates only from less
popular neighbors:

s(t+1)
v =

∑
u∈N−(v)wvu · s(t)u∑

u∈N−(v)wvu
, (10)

where N−(v) = {u ∈ N(v) | pop(u) < pop(v)}.
This causes a substantial overall drop (−6.5 F1
points), consistent across all domains, with the
largest degradation on Japanese Culture (−8.6)
and Computer Science (−8.2). Semiconductors
shows the smallest decline (−3.0), possibly be-
cause pageviews better reflect how general entities
are in this domain. We attribute this failure to two
factors: pageviews reflect public attention rather
than how general an entity is, and one-way propaga-
tion removes many useful connections. Exploring
better measures of generality, such as an entity’s
depth in a concept hierarchy, remains a promising
direction.

6 Conclusion

We proposed a graph-based framework for predict-
ing personalized entity familiarity. The pipeline
extracts Wikipedia entities, constructs a document-
specific subgraph weighted by embedding similar-
ity, selects informative seeds through V-optimality,
and propagates sparse annotations to all remain-
ing entities. Evaluations across five knowledge
domains show that the framework significantly out-
performs GPT-4.1-mini and performs comparably
to Qwen2.5-72B-Instruct-AWQ without requiring
LLM inference. Ablation experiments support our
current design, with Gaussian kernel weighting be-
ing the most critical component. Incorporating
structured YAGO relations and directed propaga-
tion (§5) yields no universal gains. This work estab-
lishes a practical foundation for adaptive reading
assistance that maps individual knowledge bound-
aries from minimal input. Integrating these predic-
tions with personalized explanation generation is a

2Wikipedia pageview data were aggregated in
January 2026 via the official Wikimedia dumps:
https://dumps.wikimedia.org/other/pageview_
complete/2026/2026-01/. To maintain the integrity of
personalized modeling, we employ user-based splits and
ignore standard automated splits.

natural next step; limitations and future directions
are detailed in §7.

7 Limitations

This work predicts which entities are unfamiliar
but does not address how to explain them. A com-
plete reading assistance system requires generating
personalized explanations tailored to each reader’s
knowledge profile. Integrating familiarity predic-
tion with efficient, on-the-fly explanation genera-
tion is a natural next step.

Prediction quality is lowest in the Semicon-
ductors domain (F1: 0.626), where Qwen2.5-
72B-Instruct-AWQ performs clearly better (0.731).
More generally, this LLM attains a higher positive-
class F1 than our method in four of the five do-
mains, mainly through higher recall, which sug-
gests combining graph propagation with the knowl-
edge of LLMs as a future direction. Neither exten-
sion in §5 closes this gap.

The system uses a uniform annotation bud-
get (q=20) across all documents, with no mech-
anism to adapt based on document complexity or
reader background. Although our sensitivity analy-
sis (Appendix D) shows stable performance across
q ∈ [10, 30], the best budget may differ across doc-
uments and domains. Developing an adaptive bud-
get selection strategy that accounts for document
difficulty and domain specificity is a promising
direction.

Our evaluation covers only English Wikipedia
articles with East Asian participants. The
Wikipedia2Vec embeddings we use are trained on
English Wikipedia and may not reflect how readers
in other linguistic or cultural communities relate
concepts. Multilingual extension and more diverse
participant recruitment are needed for broader ap-
plicability.

Finally, the framework depends on pre-trained
Wikipedia2Vec embeddings. Incorporating dy-
namic signals or periodic resource updates could
improve robustness to emerging entities and shift-
ing reader interests.

8 Ethical Considerations

This study involved human participants who an-
notated their own entity familiarity. All partici-
pants provided explicit informed consent after be-
ing briefed on the study’s objectives and their right
to withdraw at any time. Since the task required
participants to identify personal knowledge gaps,
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we took care to minimize potential performance
anxiety by emphasizing that unfamiliarity with spe-
cific entities is a natural and expected outcome of
the research, rather than a reflection of academic
or cognitive ability. All collected data were strictly
anonymized to ensure that no individual knowledge
profiles could be traced back to personal identities.
Participants were compensated fairly for their time
at a rate consistent with institutional standards, re-
gardless of task outcomes.

Beyond this study, predicted familiarity reveals
what a person does not know and should be treated
as personal information: systems built on our
method should obtain user consent and should not
use such predictions to evaluate or rank people. In-
correct predictions may also lead a system to skip
explanations that a reader needs, so readers should
still be able to request explanations for any entity.
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Annotator Acc. Prec. Rec. F1

Annotator 1 0.7856 0.4842 0.7077 0.5750
Annotator 2 0.6791 0.5586 0.6542 0.6027
Annotator 3 0.6564 0.6498 0.7928 0.7142
Annotator 4 0.6948 0.5556 0.6786 0.6109
Annotator 5 0.6570 0.7629 0.7424 0.7525
Annotator 6 0.6878 0.6480 0.7740 0.7054
Annotator 7 0.6709 0.6464 0.7053 0.6746
Annotator 8 0.6286 0.6845 0.6838 0.6842

Average 0.6825 0.6237 0.7173 0.6649

Table 6: Per-annotator results on Common Knowledge
articles.

Annotator Acc. Prec. Rec. F1

Annotator 1 0.7048 0.6778 0.6983 0.6879
Annotator 2 0.7351 0.7206 0.8657 0.7865
Annotator 3 0.7530 0.8324 0.8279 0.8301
Annotator 4 0.7410 0.7330 0.6953 0.7137
Annotator 5 0.7052 0.7228 0.7228 0.7228
Annotator 6 0.7844 0.8286 0.8580 0.8430
Annotator 7 0.7470 0.8098 0.7816 0.7955
Annotator 8 0.7809 0.8701 0.8481 0.8590

Avg (Chinese) 0.7509 0.7899 0.8133 0.8003
Avg (Japanese) 0.7231 0.7279 0.7091 0.7183

Average 0.7439 0.7744 0.7872 0.7798

Table 7: Per-annotator results on Chinese Culture ar-
ticles. Chinese and Japanese indicate annotator na-
tionalities.

A Per-Annotator Detailed Results

Tables 6–10 report the results of each annotator in
each domain, computed over all articles of that do-
main. F1 varies considerably across annotators, for
example from 0.575 to 0.753 on Common Knowl-
edge. In the cultural domains, annotators whose
background matches the domain tend to achieve
higher F1 scores, consistent with Table 3.

Annotator Acc. Prec. Rec. F1

Annotator 1 0.7221 0.5034 0.8212 0.6242
Annotator 2 0.6865 0.7220 0.8090 0.7630
Annotator 3 0.7017 0.7226 0.7781 0.7493
Annotator 4 0.7527 0.7643 0.8586 0.8087
Annotator 5 0.8576 0.8911 0.9534 0.9212
Annotator 6 0.7152 0.6614 0.7404 0.6987
Annotator 7 0.6635 0.7152 0.6351 0.6728
Annotator 8 0.6682 0.7873 0.6786 0.7289

Avg (Chinese) 0.6929 0.6853 0.7437 0.7062
Avg (Japanese) 0.8052 0.8277 0.9060 0.8650

Average 0.7210 0.7209 0.7843 0.7459

Table 8: Per-annotator results on Japanese Culture
articles. Chinese and Japanese indicate annotator
nationalities.

Annotator Acc. Prec. Rec. F1

Annotator 1 0.8490 0.4359 0.5312 0.4789
Annotator 2 0.6265 0.7138 0.7205 0.7172
Annotator 3 0.6789 0.7240 0.7922 0.7566
Annotator 4 0.6082 0.5837 0.6383 0.6098
Annotator 5 0.7939 0.8956 0.8642 0.8796
Annotator 6 0.6327 0.6402 0.6194 0.6296
Annotator 7 0.6061 0.6172 0.6858 0.6497
Annotator 8 0.7122 0.7620 0.8649 0.8102

Avg (CS) 0.6710 0.7161 0.7610 0.7372
Avg (Semi.) 0.7408 0.5380 0.5753 0.5543

Average 0.6884 0.6716 0.7146 0.6914

Table 9: Per-annotator results on Computer Science
articles. CS and Semi. indicate annotator fields.

Annotator Acc. Prec. Rec. F1

Annotator 1 0.7933 0.4200 0.3889 0.4038
Annotator 2 0.6087 0.6356 0.5034 0.5618
Annotator 3 0.6200 0.7232 0.6632 0.6919
Annotator 4 0.6533 0.4752 0.4848 0.4800
Annotator 5 0.7600 0.8843 0.8295 0.8560
Annotator 6 0.6833 0.7532 0.6705 0.7095
Annotator 7 0.5433 0.6629 0.6051 0.6327
Annotator 8 0.5900 0.7314 0.6275 0.6755

Avg (CS) 0.6292 0.6854 0.6189 0.6496
Avg (Semi.) 0.7383 0.5866 0.5297 0.5567

Average 0.6565 0.6607 0.5966 0.6264

Table 10: Per-annotator results on Semiconductors
articles. CS and Semi. indicate annotator fields.
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B Per-Domain Detailed Results

Table 11 reports per-domain results for all methods.
All metrics use familiar as the positive class and are
computed as in Table 2. Our method achieves the
highest F1 on Chinese Culture (0.780 vs. 0.752 for
Qwen2.5-72B-Instruct-AWQ) and the highest ac-
curacy on Chinese Culture, Japanese Culture, and
Computer Science, whereas Qwen2.5-72B-Instruct-
AWQ achieves the highest F1 in the other four do-
mains, together with the highest recall among non-
trivial methods. The All-Familiar baseline attains
perfect recall by labeling every entity as familiar,
but at the cost of low precision. GPT-4.1-mini at-
tains the highest precision in every domain but low
recall, suggesting that in-context learning from 20
seed annotations under-predicts familiarity.

C Human Evaluation Details

Table 13 lists the complete set of all 90 Wikipedia
pages used in our evaluation, organized by knowl-
edge dimension and subcategory. We recruit eight
annotators with diverse academic and cultural back-
grounds (Table 12). Each participant annotates a
deduplicated annotation list of Wikipedia entities
extracted from the entire 90-page corpus, label-
ing each entity as either “Familiar” or “Unfamil-
iar”. Annotations are performed offline via a struc-
tured spreadsheet containing the entity name, its
Wikipedia abstract, and a binary annotation field.
Participants are prohibited from consulting any ex-
ternal resources during the task and are instructed
not to discuss their labels with others. No time
limit is imposed. The complete annotation prompt
is shown in Figure 3.

D Parameter Sensitivity Analyses

We examine the sensitivity of our framework to five
hyperparameters, presented in pipeline order: the
kNN expansion size k (§3.2), the Gaussian band-
width σ (Equation 1), the Laplacian regularization
γ (Equation 3), the annotation budget q (§3.3), and
the propagation iterations T (§3.4). All sensitivity
experiments use the default configuration (k=10,
σ=0.75, γ=0.01, q=20, T=20, undirected propa-
gation) while varying one parameter at a time.

kNN Neighbors k. We vary k ∈
{0, 3, 5, 10, 15, 20, 30}. Performance is re-
markably stable (F1: 0.6990–0.7018), with less
than 0.3 percentage points of variation. Even k=0
(no expansion) performs comparably (F1: 0.7004),

indicating that the fully connected core graph
already provides sufficient propagation pathways.
We adopt k=10 as the default.

Gaussian Bandwidth σ. We vary σ ∈
{0.25, 0.50, 0.75, 1.00, 1.50}. The system is ro-
bust across σ ∈ [0.50, 1.50] (F1: 0.7017–0.7081),
with only σ=0.25 showing a notable drop (F1:
0.6613) due to overly concentrated edge weights
that suppress recall. We adopt σ=0.75 as the de-
fault.

Laplacian Regularization γ. We vary γ ∈
{0.001, 0.005, 0.01, 0.05, 0.1, 0.5, 1.0}. The sys-
tem is highly robust, with F1 varying by less than
0.2 percentage points as γ ranges from 0.001 to 1.0.
We adopt γ=0.01 as the default.

Annotation Budget q. We vary q ∈
{10, 15, 20, 25, 30}. Performance improves
steadily from q=10 (F1: 0.6739) to q=25 (F1:
0.7051), then plateaus. We adopt q=20 as a
practical default balancing annotation effort and
prediction quality.

Propagation Iterations T . We vary T ∈
{1, 3, 5, 10, 15, 20, 30, 50, 100}. Propagation con-
verges rapidly: T=1 already achieves F1 of 0.7020,
and scores stabilize by T=15. Total variation is
less than 0.1 percentage points. We set T=20 as a
conservative default.

E Models and Computational Budget

Our method trains no model. It uses the ReFinED
entity linker (Ayoola et al., 2022) (about 154M
parameters) and pre-trained 100-dimensional En-
glish Wikipedia2Vec embeddings (Yamada et al.,
2020). Entity linking for the 90 articles takes about
12 minutes on a single NVIDIA V100 GPU. All
remaining steps run on CPU and finish for all an-
notators and domains in about one minute (4 CPU
cores, 16 GB of memory).

GPT-4.1-mini is accessed through the OpenAI
API, and its size has not been disclosed. Qwen2.5-
72B-Instruct-AWQ (72.7B parameters, 4-bit AWQ
quantization) is served with vLLM on two NVIDIA
RTX 6000 Ada Generation GPUs and takes about 6
hours for all annotators and articles (about 12 GPU
hours).

1775



Domain Method Acc Prec Rec F1

Common Knowledge

All-Familiar 0.466 0.466 1.000 0.622
GPT-4.1-mini 0.646 0.693 0.344 0.458
Qwen2.5-72B-Instruct-AWQ 0.690 0.610 0.812 0.692
Ours 0.683 0.624 0.717 0.665

Chinese Culture

All-Familiar 0.606 0.606 1.000 0.748
GPT-4.1-mini 0.641 0.823 0.488 0.610
Qwen2.5-72B-Instruct-AWQ 0.692 0.713 0.801 0.752
Ours 0.744 0.774 0.787 0.780

Japanese Culture

All-Familiar 0.576 0.576 1.000 0.717
GPT-4.1-mini 0.702 0.781 0.621 0.687
Qwen2.5-72B-Instruct-AWQ 0.689 0.692 0.834 0.749
Ours 0.721 0.721 0.784 0.746

Computer Science

All-Familiar 0.564 0.564 1.000 0.697
GPT-4.1-mini 0.674 0.766 0.469 0.574
Qwen2.5-72B-Instruct-AWQ 0.679 0.654 0.776 0.699
Ours 0.688 0.672 0.715 0.691

Semiconductors

All-Familiar 0.552 0.552 1.000 0.688
GPT-4.1-mini 0.643 0.825 0.376 0.513
Qwen2.5-72B-Instruct-AWQ 0.722 0.676 0.813 0.731
Ours 0.657 0.661 0.597 0.626

Table 11: Per-domain results for all methods. Bold marks the best result per metric among methods other than
All-Familiar.

Annotation Prompt for Entity Familiarity

# Task
You will be presented with a list of Wikipedia entities extracted from an article corpus. For each entity, judge whether you
are familiar or unfamiliar with it. This task maps your unique knowledge boundary. It is not a test of intelligence.

# Definitions
Familiar: You have encountered the entity before and can provide a brief, correct description (even if vague). General
understanding is sufficient.
Unfamiliar: You have never heard of the entity, or you recognize the name but cannot describe what it refers to.

# Guidelines
1. Judge based solely on current knowledge. Do not look up any entity.
2. There are no right or wrong answers. We seek your genuine knowledge profile.
3. If uncertain, lean towards “Unfamiliar” for a conservative boundary estimate.
4. Read the provided Wikipedia abstract to assist recognition before judging.

Figure 3: Annotation prompt provided to all participants. Instructions were presented in English only.

Annotator Expertise Nationality

Annotator 1 Semiconductor Chinese
Annotator 2 Computer Science Chinese
Annotator 3 Computer Science Chinese
Annotator 4 Computer Science Japanese
Annotator 5 Computer Science Japanese
Annotator 6 Semiconductor Chinese
Annotator 7 Computer Science Chinese
Annotator 8 Computer Science Chinese

Table 12: Participant demographics.
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Category Wikipedia Pages

Common Knowledge (30) Coffee, Tea, Soap, Pencil, Mirror, Umbrella, Honey, Map, Clock, Candle, Glass, Bicycle, Salt,
Bread, Plastic, Vaccine, Leather, Camera, Magnet, Concrete, Cotton, Silk, Microscope, Refrigera-
tor, Elevator, Calendar, Wheel, Thermometer, Natural Rubber, Brick

Computer Science (15) Algorithm, Machine Learning, Virtual Machine, Cryptography, Operating System, Software
Engineering, Database, Compiler, Computer Network, Neural Network, Artificial Intelligence,
World Wide Web, Bluetooth, Computer Virus, Open-source Software

Semiconductors (15) Semiconductor, Integrated Circuit, Photolithography, Wafer, Transistor, MOSFET, Light-emitting
Diode, Doping, Flash Memory, Silicon, Semiconductor Device Fabrication, CMOS, Dynamic
Random-access Memory, Electron Mobility, Chemical Vapor Deposition

Chinese Culture (15) Chinese New Year, Mid-Autumn Festival, Mahjong, Hot Pot, Bubble Tea, Peking Opera, Calligra-
phy, Dim Sum, Qipao, Chinese Tea Culture, Chinese Martial Arts, Tai Chi, Chinese Dragon, Feng
Shui, Chopsticks

Japanese Culture (15) Sushi, Anime, Onsen, Shinkansen, Kimono, Matcha, Ramen, Sake, Sumo, Kabuki, Origami,
Manga, Geisha, Zen, Ikebana

Table 13: Complete list of 90 Wikipedia pages used in the evaluation, organized by knowledge dimension.

Metric k=0 k=3 k=5 k=10 k=15 k=20 k=30

Accuracy 0.6976 0.6981 0.6977 0.6985 0.6973 0.6967 0.6964
Precision 0.6902 0.6901 0.6891 0.6903 0.6895 0.6862 0.6888
Recall 0.7176 0.7200 0.7201 0.7200 0.7177 0.7183 0.7165
F1 0.7004 0.7018 0.7014 0.7017 0.7003 0.6990 0.6991

Table 14: Sensitivity to kNN neighbors k.

Metric σ=0.25 σ=0.50 σ=0.75 σ=1.00 σ=1.50

Accuracy 0.6723 0.6958 0.6985 0.7007 0.7047
Precision 0.7036 0.6922 0.6903 0.6914 0.6923
Recall 0.6286 0.7220 0.7200 0.7224 0.7295
F1 0.6613 0.7036 0.7017 0.7037 0.7081

Table 15: Sensitivity to Gaussian bandwidth σ.

Metric γ=0.001 γ=0.005 γ=0.01 γ=0.05 γ=0.1 γ=0.5 γ=1.0

Accuracy 0.6974 0.6969 0.6985 0.6988 0.6974 0.6974 0.6973
Precision 0.6885 0.6885 0.6903 0.6885 0.6878 0.6899 0.6879
Recall 0.7205 0.7184 0.7200 0.7233 0.7212 0.7195 0.7210
F1 0.7010 0.7002 0.7017 0.7021 0.7009 0.7011 0.7008

Table 16: Sensitivity to Laplacian regularization γ.

Metric q=10 q=15 q=20 q=25 q=30

Accuracy 0.6765 0.6902 0.6985 0.7014 0.7016
Precision 0.6791 0.6872 0.6903 0.6916 0.6876
Recall 0.6766 0.7000 0.7200 0.7249 0.7255
F1 0.6739 0.6908 0.7017 0.7051 0.7034

Table 17: Sensitivity to annotation budget q.

Metric T=1 T=3 T=5 T=10 T=15 T=20 T=30 T=50 T=100

Accuracy 0.7003 0.6980 0.6983 0.6983 0.6985 0.6985 0.6985 0.6985 0.6984
Precision 0.6943 0.6895 0.6901 0.6901 0.6903 0.6903 0.6903 0.6903 0.6902
Recall 0.7157 0.7197 0.7198 0.7200 0.7200 0.7200 0.7200 0.7203 0.7203
F1 0.7020 0.7012 0.7015 0.7016 0.7017 0.7017 0.7017 0.7018 0.7018

Table 18: Sensitivity to propagation iterations T .
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F LLM Baseline Prompts

Both GPT-4.1-mini and Qwen2.5-72B-Instruct-
AWQ receive identical prompts constructed from
the same 20 seed entities selected by V-optimality.
Each unlabeled entity is accompanied by the first
sentence of its Wikipedia abstract to disambiguate
the concept. Further details of the baseline setup
are given in §4.1.

System Prompt (LLM Baselines)

You are an expert at predicting a reader’s
vocabulary knowledge. Given a set of
concepts that a reader has marked as
familiar or unfamiliar, predict whether the
reader would be familiar with each of the
remaining concepts. Consider the reader’s
apparent expertise level, domain knowledge,
and the semantic relationships between
concepts. Each concept is accompanied by
a brief description to help you understand
what it refers to.

User Prompt (LLM Baselines)

A reader was asked about some concepts and
gave these answers:

FAMILIAR (known): {known_entities}

UNFAMILIAR (unknown): {unknown_entities}

Based on this pattern, predict whether the
reader would be familiar with each of the
following concepts. For EACH concept,
respond with exactly one line in the
format:

concept_name: familiar
or

concept_name: unfamiliar

Do NOT add any other text, explanation, or
numbering. Output ONLY the lines in the
specified format.

Concepts to predict (with brief
descriptions):
- {entity_name}: {description}
- ...

G YAGO Predicate Selection

When constructing the YAGO adjacency signal aij
described in §5, we use a manually selected set
of YAGO 4.5 relation types (predicates). Table 19
lists them, grouped by their role in connecting se-
mantically related entities.

H Use of AI Assistants

We employed AI-based language assistants as
supportive tools during the preparation of this
manuscript. Specifically, AI was used to assist
in drafting, refining, and polishing the English ex-
pressions to ensure clarity and coherence. Further-

Category Predicate URI

Taxonomic rdfs:subClassOf, rdf:type
Mereological schema:isPartOf, schema:hasPart
Associative schema:genre, schema:knowsAbout
Equivalent owl:sameAs, skos:broader

Table 19: YAGO relation types (predicates) used to
construct the adjacency signal aij (Equation 9).

more, AI tools provided assistance in developing
data-processing and experiment code scripts. It is
important to emphasize that all scientific content,
experimental designs, and methodological frame-
works were independently conceived and verified
by the authors. AI assistants were not involved in
conducting human evaluation annotations; all such
data collection was performed solely by human
participants without AI intervention.

I Artifact Licenses

All external artifacts used in this work are listed
below along with their licenses and intended use.

• ReFinED (Ayoola et al., 2022): Released un-
der the Apache 2.0 license. Used for entity
linking to extract Wikipedia entities from doc-
uments.

• Wikipedia2Vec (Yamada et al., 2020): Re-
leased under the Apache 2.0 license. Used
to obtain pre-trained entity embeddings for
graph construction.

• YAGO 4.5 (Suchanek et al., 2024): Released
under the CC BY-SA 3.0 license. Used to
enrich the entity subgraph with structured re-
lational knowledge.

• GPT-4.1-mini (OpenAI, 2025): Accessed via
the OpenAI API under OpenAI’s terms of ser-
vice. Used as an LLM baseline for entity fa-
miliarity prediction.

• Qwen2.5-72B-Instruct-AWQ (Qwen et al.,
2025): Released under the Qwen License.
Used as an LLM baseline for entity familiarity
prediction.

All artifacts are used for non-commercial re-
search purposes consistent with their respective
licenses and intended use.
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