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Abstract
Knowledge Graphs (KGs) provide explicit relational structure, while Large Language Models (LLMs) encode rich
semantic knowledge. We propose a lightweight linguistic initialization strategy for heterogeneous link prediction
that improves robustness under sparsity and imbalance. For each node, we construct a compact textual view
combining intrinsic description and local neighborhood context, encode it with a pre-trained language model,
and use the resulting embeddings to initialize a relation-aware GNN. This design preserves standard message
passing while providing early semantically meaningful representations. Across multiple imbalance regimes and
strict entity-to-entity cold-start settings, the proposed initialization consistently improves over random initialization
and reduces degree-dependent degradation. Our results show that semantic grounding can be integrated into
heterogeneous GNN pipelines with minimal architectural changes and strong empirical benefits.
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1. Introduction

Artificial Intelligence increasingly relies on struc-
tured representations. Many high-impact problems
are naturally graph-shaped: entities interact, con-
straints are relational, and evidence is often dis-
tributed across topological neighborhoods rather
than contained in a single feature vector. This is
especially true in Heterogeneous Information Net-
works (HINs) (Sun et al., 2022), where different
node and edge types carry rich complementary
information.

Graph Neural Networks (GNNs) provide a prin-
cipled mechanism to reason over such structures
by iteratively aggregating neighborhood informa-
tion. In Knowledge Graphs (KGs), topology-driven
models learn from recurring connectivity patterns
and generalize from local structures. When neigh-
borhoods are informative and sufficiently dense,
message passing can effectively propagate rela-
tional evidence across multiple hops.

However, this paradigm implicitly assumes that
nodes are initialized with meaningful representa-
tions. In most existing approaches, semantics must
be reconstructed from structural co-occurrence
alone. In practice, most graph models rely on iden-
tifiers, short labels, or randomly initialized embed-
dings (Dai et al., 2022). These signals encode node
identity but not their semantics. As a result, the first
layers of message passing must simultaneously
infer both node meaning and relational structure.
In sparse and noisy graphs (Choi et al., 2025; He
et al., 2024), this becomes problematic: nodes
with little or no connectivity history (Cold Start) be-
come statistically invisible (Qian et al., 2023), and
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Figure 1: Structural symmetry under missing edges.
Two query-centered graphs share identical topology.
When residence is unobserved, topology-only models
default to dominant priors. Text-grounded initialization
injects semantic cues that enable correct disambiguation
without explicit structural evidence.

topology-only models tend to fall back on global
popularity priors or homophily bias (Ma et al., 2025;
Patrini et al., 2017).

This limitation becomes evident when structural
evidence is incomplete. A topology-only model can
generalize from repeated neighborhood patterns,
but it cannot reliably recover attributes whose sup-
porting edges are missing or under-sampled. In
these cases, the graph induces plausible but non-
factual defaults: the only available signal is global
frequency and local structural similarity.

Figure 1 illustrates this issue. Two query-
centered graphs share the same high-level struc-
ture (actor–film–director). In one case, the resi-
dence edge is observed; in the other, it is missing.
From a purely topological perspective, the neigh-
borhoods are indistinguishable. A structure-only
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model therefore tends to prefer just the dominant
location prior (e.g., USA). Yet the task would be
significantly easier if the node representation al-
ready contained semantic cues such as “Irish ac-
tor”. This information is not encoded in the adja-
cency structure but it can often be induced through
natural language inferences. Language provides
precisely this missing bridge. Crucially, we do not
replace structural reasoning with text-based infer-
ence; rather, we reshape the initial state from which
relational propagation begins. A textual description
can encode intrinsic properties that are hard to in-
fer from connectivity alone, disambiguating nodes
even when structural context is partial or missing.
Large Language Models (LLMs) offer a natural ap-
proach for this integration: the graph supplies re-
lational evidence, while language supplies seman-
tic grounding at the node and relation type level.
More broadly, this setting can be interpreted as an
alignment between explicit and implicit knowledge.
Knowledge Graphs encode structured, symbolic re-
lations with clear semantics and constraints, while
LLMs store large amounts of implicit world knowl-
edge acquired during pretraining. A principled inte-
gration should allow linguistic priors to inform graph
reasoning, while ensuring that these priors are con-
strained and refined by the relational structure of
the KG.

Motivated by this observation, we propose a het-
erogeneous graph representation framework cou-
pling structure and language at the initialization
stage. For each node, we construct a textual coun-
terpart that combines (i) the intrinsic node descrip-
tion and (ii) a compact description of its local neigh-
borhood. This rich textual representation is en-
coded through a pre-trained language model in
order to provide initial embeddings for node em-
beddings before any message passing occurs. A
relation-aware GNN then refines these semantically
grounded representations through typed relational
propagation.

This design yields a dual behavior. When struc-
tural context is sparse or missing, the model can
rely on semantic signals inherited from language.
When neighborhoods are informative, message
passing refines these priors and prevents semanti-
cally distinct nodes from collapsing into structurally
similar representations. In synthesis, initializing
nodes with semantically meaningful representa-
tions simplifies learning under sparse supervision
and reduces reliance on hub-based structural pri-
ors. Nodes no longer start from arbitrary iden-
tifiers and reconstruct meaning purely from co-
occurrence. Instead, they begin from semantically
grounded representations that are subsequently
refined through relational propagation.

Empirically, we show that this initialization strat-
egy consistently improves inductive link prediction,

particularly under class imbalance and cold-start
conditions. On a strict entity-to-entity cold-start sub-
set, the proposed model substantially outperforms
topology-only baselines, while preserving strong
performance in dense regions.

Our contributions are threefold: i) we introduce
a dual-view textual initialization strategy that ver-
balizes both intrinsic identity and local structural
context before relational learning is triggered; ii)
we integrate this initialization into a relation-aware
heterogeneous GNN using bounded supervision
mechanisms for scalability; iii) we provide a rigor-
ous empirical evaluation under multiple imbalance
regimes and strict entity-to-entity cold-start settings,
demonstrating consistent robustness gains.

The remainder of the paper is organized as fol-
lows. Section 2 reviews related work. Section 3
presents the proposed model. Section 4 describes
the experimental evaluation. We conclude with lim-
itations and future directions.

2. Related works

Knowledge Graphs (KGs) and Large Language
Models (LLMs) represent two complementary
paradigms: KGs encode explicit symbolic relations
and structural constraints, while neural models
learn distributed representations capturing implicit
semantics. A central challenge is integrating struc-
tured relational reasoning with these semantically
grounded representations.

Early Knowledge Graph Completion (KGC) re-
lied on geometric embedding models like TransE
(Bordes et al., 2013), DistMult (Yang et al., 2015),
and RotatE (Sun et al., 2019). While effective,
these transductive methods tie embeddings to
node identifiers, failing to generalize to unseen
entities. Graph Neural Networks (GNNs) (Gilmer
et al., 2017) addressed this by introducing rela-
tional message passing. In the KG setting, R-GCN
(Schlichtkrull et al., 2018) and HAN (Wang et al.,
2019) extended this to multi-relational and hetero-
geneous data. Nevertheless, pure structural propa-
gation remains vulnerable in sparse regimes: when
local subgraphs carry weak signals, message pass-
ing alone often fails (Chamberlain et al., 2023).

To mitigate structure-only limitations, textual de-
scriptions were incorporated via models like DKRL
(Xie et al., 2016) and pre-trained language models
like KG-BERT (Yao et al., 2019). While capturing
semantic relatedness, text-only models often vio-
late structural constraints. This motivated hybrid
approaches: SimKGC (Wang et al., 2022) aligns
language and graph representations via contrastive
learning, while GraIL (Teru et al., 2020) learns sub-
graph patterns but degrades when neighborhoods
are disconnected. Other works inject graph struc-
ture directly into LLM inputs (Fatemi et al., 2024),
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highlighting that LLMs excel at semantics but strug-
gle with precise topological navigation (Fatemi et al.,
2024). Moreover, (Church and Bian, 2021) argues
that Knowledge Graph Completion cannot be re-
duced to mere data filling: genuine coverage gaps
require external semantic knowledge rather than
inference over existing edges.

ecently, Text-Attributed Graphs (TAGs) have
enriched node features with LLM-generated text.
Methods such as TAPE and KEA (Chen et al., 2024)
use LLMs as enhancers to augment node attributes
before GNN training. However, they mainly target
homogeneous graphs and still rely on standard
GNNs, which can fail under strict cold-start set-
tings.

Most existing hybrid models process text and
graph structure via separate encoders, combining
them only at the end of the pipeline. In contrast,
we inject language at the beginning of the GNN
training: nodes are initialized as text embeddings
before any message passing occurs. Thanks to
our residual fallback mechanism, isolated nodes
safely retain their original text meaning, while well-
connected nodes use the graph structure to refine
it. This reframes KG–LLM integration from the a
posteriori fusion to the dynamic shaping of the in-
ductive bias within the relational reasoning. Recent
retrieval-oriented graph-LLM frameworks combine
graph-based retrieval with language generation
(Peng et al., 2024), but they are mainly designed for
query-time QA. In contrast, we address inductive
missing-edge prediction in heterogeneous knowl-
edge graphs, where the goal is to learn a reusable
scoring function over node pairs and relations.
Our contribution is therefore not an alternative to
retrieval-based QA, but a lightweight, modular en-
hancement for predictive GNN pipelines.

3. Semantic Grounding for
Heterogeneous Graph Learning

Knowledge Graph reasoning combines two distinct
sources of information: (i) explicit relational struc-
ture and (ii) implicit semantic content. In most
graph neural approaches, node representations
are initialized randomly or from structural statistics,
and semantic content must be reconstructed solely
through message passing. We instead study a
different regime: we inject linguistic semantics at
initialization, and let relational propagation refine it.

Intuitively, consider the example in Figure 1. Two
actors share identical structural neighborhoods
(same film, same director). If the residence edge
is missing, topology alone cannot distinguish them.
However, a textual cue such as “Irish actor” already
provides a semantic prior toward Ireland. Our
model formalizes this idea: language defines the
starting state, and structure constrains its evolution.

3.1. Graph Formulation and Linguistic
Encoding

We model data as a heterogeneous knowledge
graph G = (V, E) with node-type mapping ϕ : V →
A and edge-type mapping ψ : E → R (Sun et al.,
2011, 2022). Each node v may be associated with
textual content T (v) (e.g., name, description, defi-
nition). We encode this content using a pre-trained
language model fθ:

xv = fθ(T (v)) , xv ∈ Rdin

These representations define the initial state of
graph learning. Since heterogeneous node types
(e.g., Person, Location) may occupy different se-
mantic regions, we apply a type-specific projection
(Drop stands for Dropout):

h(0)
v = Drop

(
ReLU

(
Wϕ(v) xv + bϕ(v)

))
with Wϕ(v) ∈ Rd×din and bϕ(v) ∈ Rd. We use K
attention heads (Velickovic et al., 2017) with per-
head dimensionality dk such that d = K dk.

Graph learning then proceeds through L layers
of relation-aware attention. For each relation r and
attention head k, we first compute projected node
representations

h̃r,k
i = Wr,kh

(l)
i , h̃r,k

j = Wr,kh
(l)
j

where Wr,k ∈ Rdk×d. The attention coefficient is
then defined as

αr,k
ij = softmaxj∈N r

i

(
LeakyReLU

(
a⊤r,k[h̃

r,k
i ∥h̃r,k

j ]
))

with ar,k ∈ R2dk . Messages are aggregated per
relation and summed across all the relation types
r ∈ Ri incident to the i-th node:

mtot
i =

∑
r

ConcatKk=1

∑
j∈N r

i

αr,k
ij Wr,kh

(l)
j

Node states are updated with a residual connection:

h
(l+1)
i =

{
Drop

(
ReLU(mtot

i )
)
+ h

(l)
i if Ni ̸= ∅,

h
(l)
i , otherwise

This formulation yields two limiting behaviors. If a
node is structurally isolated across all layers, then
h
(L)
i = h

(0)
i : the model reduces to a pure semantic

matcher. Conversely, when neighborhoods are in-
formative, message passing refines and constrains
the initial linguistic prior. Language therefore de-
fines the inductive bias, while topology enforces
relational consistency.

For a candidate triple (u, r, v), we compute:

sruv = Wr,2 ReLU
(
Wr,1[h

(L)
u ∥h(L)

v ]
)

ŷruv = σ(sruv)
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and optimize using binary cross-entropy with typed
negative sampling.

From a Knowledge Graph perspective, training
amounts to learning a scoring function P (r | u, v)
over typed triples (u, r, v), where relation-specific
parameters (Wϕ, Wr,k, Wr,1, Wr,2) are optimized
via supervised edge prediction. Crucially, the op-
timization dynamics depend on the initialization
of node representations h

(0)
v . With random ini-

tialization, the model must infer both semantic
meaning and relational compatibility patterns solely
from sparse structural co-occurrence, forcing early
message-passing layers to reconstruct semantics
from adjacency signals and often inducing slow
convergence and hub-driven priors. In contrast,
text-grounded initialization places h

(0)
v in a semanti-

cally meaningful region of the representation space,
so training refines and calibrates an informed prior
rather than creating semantics from scratch. Struc-
ture thus constrains existing representations in-
stead of generating them, typically yielding more
stable convergence and better generalization in
long-tail and cold-start regimes.

3.2. Designing Node Linguistic
Grounding

The previous section reframed initialization as a
mechanism for shaping relational inductive bias.
A practical question then arises: how can we
construct semantically meaningful representations
when explicit node descriptions are unavailable?

In many real-world KGs, nodes do not come with
rich textual fields. We propose to derive textual
information directly from the graph structure. For
each node v, we construct: (i) an intrinsic textual
view tnodev for v (when available through v denota-
tions), as well as (ii) the node v contextual view tctxv .
The intuition is that neighborhood structure explic-
itly encodes relational semantics. The proposed
verbalization makes this information accessible to
language models. In the example shown in Fig. 1,
consider a node v representing an actor whose
bounded 1-hop neighborhood, denoted by N (v), in-
cludes the relations acted_in(Inception) and
directed_by(Nolan). Verbalizing N (v) yields
a compact description such as: “Actor connected
to the film Inception directed by Christopher Nolan”,
which is encoded as tctxv . The combined tex-
tual representation is then encoded as: xv =
ftext

(
tnodev ||tctxv

)
where ∥ denotes the juxtaposition

of the node text tnodev and the contextual text tctxv

into a single input sequence, and ftext is any text
encoder.

In this way, even structurally sparse nodes inherit
semantic context from their local topology. Rather
than injecting external knowledge, the graph itself
becomes a source of linguistic grounding. The

framework is schema-agnostic: it requires only
typed nodes and labeled edges, without assump-
tions about a specific ontology, domain, or dataset.
While graphs may differ in textual fields or type
systems, the initialization–projection–propagation
pipeline remains unchanged.

3.3. Complexity and Optimization

Real-world knowledge graphs are typically char-
acterized by (i) highly skewed relation distribu-
tions and (ii) hub nodes with very large neighbor-
hoods. In naive heterogeneous GNN implementa-
tions, both the number of relation-specific parame-
ters and the supervision cost scale with |R| and the
total number of edges M , which quickly becomes
prohibitive (Song et al., 2024; Serafini and Guan,
2021; Liu et al., 2023).

Our approach keeps full-topology message pass-
ing, but strictly bounds the supervision phase.
Encoder cost. For a batch with N nodes and M
edges, the heterogeneous encoder has per-layer
complexity Oenc = O

(
L (Nd2 +Md)

)
, which is

standard for attention-based GNNs and necessary
to preserve structural fidelity.
Bounded supervision. LetMr denote the number
of available supervised positive edges for relation r.
We limit the number of positives used per relation as
M̂r = min(Mr,Kcap) where Kcap is the maximum
number of supervised positive edges retained for
any single relation, and activate only a random sub-
set of relations Ractive with |Ractive| ≤ Rmax where
Rmax is the maximum number of distinct relations
considered per step. For each positive edge, we
further sample ρ negative edges. Additionally, we
partition the relation space into a set of frequent
head relations Rhead and rare tail relations Rtail,
grouping the latter into semantic buckets Btail (e.g.
by their domain). This reduces parameter growth
from |R| to |Rhead|+ |Btail| ≪ |R|.

The resulting per-step complexity is

O
(
L (Nd2 +Md)

)
+O

(
|Ractive|Kcap(1 + ρ)d2

)
so that supervision cost is bounded by Rmax and
Kcap, independent of the global graph size.

Beyond efficiency, this design addresses three
structural failure modes of topology-only GNNs.
First, it mitigates the cold start by allowing isolated
nodes retain semantic embeddings through tex-
tual initialization. Second, it resolves the structural
symmetry by disambiguating nodes that are topo-
logically similar but linguistically distinct. Third, it
reduces long-tail sparsity, as parameter sharing
across rare relations stabilizes learning. The model
therefore exhibits hybrid behavior: structural rea-
soning in dense regions, semantic matching in
sparse ones.
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Metric Train Val Test Full
Counts
# Graphs 350 75 75 500
# Nodes 479,126 119,374 105,422 703,922
# Edges 2,551,151 624,008 551,791 3,726,950
Averages
Avg Nodes / Graph 1,368.93 1,591.65 1,405.63 1,407.84
Avg Entities / Graph 1,154.46 1,362.23 1,190.07 1,190.97
Avg Types / Graph 214.47 229.43 215.56 216.88
Avg Edges / Graph 7,289.00 8,320.11 7,357.21 7,453.90

Table 1: General Dataset Statistics across the train-
ing, validation and test splits.

Category In Out Total Conn.%
Global 5.29 5.29 10.59 100
Entity 4.10 5.26 9.36 100
Type 11.85 5.49 17.34 100

Table 2: Average degree and connectivity by node
category.

4. Experimental Evaluation

We evaluate heterogeneous link prediction under
structural sparsity and class imbalance, with a fo-
cus on inductive initialization. Using 500 query-
centered subgraphs from the WebQSP-linked col-
lection (He et al., 2021), we test (i) robustness to
increasing imbalance, (ii) strict cold-start general-
ization, and (iii) degree-stratified recall. This setup
shows whether text-grounded initialization solely
improves aggregate performance, or fundamentally
alters the inductive bias of heterogeneous graph
learning in sparse regimes. To ensure rigorous re-
producibility, the complete preprocessing workflow,
dataset splits, evaluation protocols, and compre-
hensive implementation details are publicly acces-
sible 1.
Experimental Setup. Rather than training on a
single monolithic knowledge graph, we operate
on a collection of bounded, query-centered sub-
graphs. This choice is both practical and method-
ological. Full-graph training is computationally ex-
pensive when running multiple controlled experi-
ments, while evaluation over many heterogeneous
subgraphs provides a more stable estimate of per-
formance across diverse local topologies, avoid-
ing domination by a few large hubs (Bajaj et al.,
2024). This setting also mirrors realistic retrieval
pipelines, where inference is performed over local
neighborhoods rather than the entire graph. Each
instance is constructed by expanding a bounded-
hop neighborhood from one or more seed nodes.
Node and relation identifiers are normalized into
canonical strings and processed through three de-
terministic stages: (i) base initialization, (ii) struc-
tural resolution, and (iii) contextual optimization.
The preprocessing workflow is publicly available2.

1https://github.com/crux82/SemInit4GNN
2https://github.com/RichardHGL/WSDM20
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Figure 2: Pipeline: base entity-type construc-
tion, sampled enrichment, CVT resolution (sam-
pled/CVT edges are in grey) and pruning.

During base construction, triples are ingested while
literal nodes are discarded and stored as name
attributes to avoid structural inflation. Targets of
type.object.type edges are explicitly marked
as Type nodes. Each non-type node is assigned a
semantic category through a strict four-level priority
scheme that favors informative shared types over
generic meta-types.

To enrich structural context, we sample a
bounded number of neighbors for original entities,
filtering irrelevant predicates. A key step is the res-
olution of Compound Value Types (CVTs), i.e., un-
labeled mediator nodes common in Freebase. We
identify such bridges by detecting nodes without dis-
play labels whose incident predicates share a com-
mon prefix (e.g., education.education.*). As
illustrated in Figure 2, bridges are resolved by ex-
plicitly linking them to their inferred type ID while
preserving internal structure. If no display label is
available, the canonical type ID is used as node
name to ensure interpretability. After enrichment,
auxiliary nodes are pruned except enhanced type
nodes that remain structurally informative, yield-
ing a compact, type-enriched graph. To provide
semantic grounding, we generate concise natural-
language descriptions for all nodes using Gemma-
7B-it (Thomas Mesnard, 2024). Type nodes
receive one-sentence conceptual definitions, as
shown below

Type-node description example
Input node type: film.film
Prompt: “Below is the name of a conceptual type from a knowledge
graph. Your task is to write a clear, one-sentence definition of this
concept for a general audience. [...]”
Generated description: “A Film is a physical or digital medium used
for recording, storing, and projecting moving images.”

Entity and bridge nodes are described through
their sampled local connectivity, as exemplified in
Section 3.2. We adopt a binary node-type schema
with two categories: Entity and Type. All non-
type nodes are mapped to Entity, while category
nodes are mapped to Type. Node descriptions are
encoded using ModernBERT-base (Warner et al.,

21_NSM/tree/main/preprocessing/Freebase
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2025), applying mean pooling over token represen-
tations to obtain a 768-dimensional feature vector.
To isolate the contribution of semantic grounding,
we also evaluate a random-initialization variant us-
ing Xavier uniform initialization. Data splitting fol-
lows a two-level protocol. At the graph level, sub-
graphs are partitioned into training (70%), valida-
tion (15%), and test (15%) sets, as summarized in
Table 1, totaling over 703k nodes and 3.7M edges.
On average, each graph contains approximately
1,400 nodes and 7,450 edges. Entities dominate
the distribution (≈1,190 per graph) compared to
types (≈217 per graph), reflecting the schema de-
sign where a limited set of ontological categories
organizes many entities.

Topologically, all nodes have non-zero degree
prior to training. As shown in Table 2, Type nodes
act as structural hubs (average in-degree 11.85),
while Entity nodes exhibit lower connectivity (av-
erage in-degree 4.10). This asymmetry induces a
natural hub bias in message passing, making the
setting suitable for analyzing degree-dependent
effects. Within each graph, edges are split relation-
wise: 10% are reserved for validation and 10%
for testing. To prevent message-passing leakage,
20% of training edges are masked and used ex-
clusively as supervision targets, while the remain-
ing 80% remain in the adjacency matrix. Relation
remapping is learned only on the training split, re-
taining frequent relations explicitly and grouping
long-tail relations into semantic buckets (as de-
fined in Section 3.3). The encoder is a 2-layer
HeteroGAT (Velickovic et al., 2017; Schlichtkrull
et al., 2018) with input dimension din = 768 and
hidden dimension dhid = 256. The decoder is a
relation-specific MLP over concatenated endpoint
embeddings. Models are trained for a maximum of
100 epochs using Adam (lr = 5× 10−4), gradient
clipping (0.5), and Binary Cross-Entropy with Logits.
To prevent overfitting, we evaluate the checkpoint
that achieved the lowest validation loss. To bound
supervision cost, we employ stochastic relation ac-
tivation (maximum 8 active relations per step) and
positive edge capping (Kcap = 256). Negatives
are sampled from schema-consistent typed pairs.
For relation r, negatives are drawn from Ωr \ Er,
where Ωr = Vsrc(r) × Vdst(r). The number of neg-
atives is |Nr| = min(ρ|P̂r|, |Ωr \ Er|) with ρ = 19,
corresponding to approximately a 1:20 positive-to-
negative ratio during training and validation. To
disentangle structural and semantic contributions,
we evaluate three topological configurations: (i)
Heterogeneous, the full model with node types
and relation-specific prediction (u, r, v); (ii) Edge
Existence, where node types are preserved but
relations are collapsed into a single connectivity
label (u, ∃, v); and (iii) Homogeneous, where both
node and edge types are collapsed.

Baselines include Majority Class, Cosine Similar-
ity over initial node embeddings, and a supervised
Multi-Layer Perceptron (MLP) that predicts links
using only concatenated node features, which is
useful as a topology-agnostic baseline to evaluate
performance against our architecture that incor-
porates the graph structure through the message
passing mechanism. Robustness to imbalance is
evaluated under three positive-to-negative ratios:
1:1 (Balanced), 1:9 (Weak), and 1:100 (Realistic).
For GNN-based models, thresholds are tuned on
validation data, and we report micro-averaged met-
rics aggregated across graphs. Across all config-
urations, architectural components remain fixed;
only the initialization strategy varies, ensuring that
observed differences can be attributed to semantic
grounding rather than structural changes. Impor-
tantly, the generated textual descriptions are fixed
prior to training and are not fine-tuned during graph
optimization. Thus, improvements cannot be at-
tributed to joint LLM–GNN training, but solely to
semantically grounded initialization. Generated
descriptions are conceptual and do not include
instance-level relational facts from the target sub-
graph, preventing potential leakage of prediction
targets.

Results and discussion. We evaluate the impact
of linguistic grounding across three test settings:
homogeneous link prediction, heterogeneous edge
existence, and full heterogeneous relation predic-
tion (Table 3). When heterogeneity is removed, the
comparison isolates the effect of initialization. Un-
der balanced supervision, both models perform
well (Random F1=.84, Text F1=.98), indicating
that dense positives allow topology to compensate
for weak priors. As imbalance increases, the dif-
ference becomes structural. At 1:100, the Ran-
dom model collapses (F1=.22), whereas the Text-
grounded model remains strong (F1=.77). This
supports our claim that linguistic features reshape
the optimization regime: instead of learning seman-
tics and relational compatibility simultaneously from
sparse positives, the GNN refines pre-existing se-
mantic structure. Text alone is insufficient. The
MLP baseline reaches F1=.49 at 1:100, well be-
low HomoGNN (.77), showing that message pass-
ing is required to transform semantic priors into
relational decisions. Conversely, raw cosine simi-
larity remains ineffective (F1=.03), confirming that
link prediction requires structured learning beyond
embedding proximity. Collapsing relation types
tests whether typing and structure alone improve
binary connectivity. With Random initialization, Ex-
istGNN (F1=.30 at 1:100) outperforms the homoge-
neous random baseline (.22), likely due to explicit
node typing that highlights hub patterns. With text
grounding, ExistGNN (F1=.77) matches the homo-
geneous Text baseline, suggesting that textual de-
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Random init Text-grounded init
Ratio Method Acc P R F1 Acc P R F1
a) Homogeneous setup (HomoGNN)

Balanced
Majority (All 0) .50 .00 .00 .00 .50 .00 .00 .00
Cosine .50 .50 1.00 .67 .58 .55 .89 .68
MLP .50 .50 1.00 .67 .89 .87 .93 .90
HomoGNN .83 .79 .90 .84 .98 .97 .98 .98

Weak
Majority (All 0) .90 .00 .00 .00 .90 .00 .00 .00
Cosine .10 .10 1.00 .18 .68 .15 .45 .22
MLP .10 .10 1.00 .18 .94 .72 .71 .71
HomoGNN .91 .53 .59 .56 .98 .91 .93 .92

Realistic
Majority (All 0) .99 .00 .00 .00 .99 .00 .00 .00
Cosine .01 .01 1.00 .02 .83 .02 .29 .03
MLP .01 .01 1.00 .02 .99 .54 .45 .49
HomoGNN .98 .17 .31 .22 .99 .76 .78 .77

b) Heterogeneous setup with collapsed relations (ExistGNN)

Balanced
Majority (All 0) .50 .00 .00 .00 .50 .00 .00 .00
Cosine .50 .50 1.00 .67 .58 .55 .89 .68
MLP .50 .50 1.00 .67 .90 .89 .92 .90
ExistGNN .85 .83 .88 .86 .97 .97 .98 .97

Weak
Majority (All 0) .90 .00 .00 .00 .90 .00 .00 .00
Cosine .10 .10 1.00 .18 .80 .22 .37 .27
MLP .10 .10 1.00 .18 .95 .74 .73 .73
ExistGNN .92 .58 .65 .62 .98 .91 .93 .92

Realistic
Majority (All 0) .99 .00 .00 .00 .99 .00 .00 .00
Cosine .01 .01 1.00 .02 .92 .03 .21 .05
MLP .01 .01 1.00 .02 .99 .52 .44 .48
ExistGNN .99 .28 .32 .30 .99 .80 .74 .77

c) Heterogeneous setup (HeteroGNN)

Balanced
Majority (All 0) .50 .00 .00 .00 .50 .00 .00 .00
Cosine .50 .50 1.00 .67 .58 .55 .90 .68
MLP .50 .50 1.00 .67 .85 .81 .91 .85
HeteroGNN .95 .94 .95 .95 .97 .97 .98 .97

Weak
Majority (All 0) .90 .00 .00 .00 .90 .00 .00 .00
Cosine .10 .10 1.00 .18 .81 .22 .36 .27
MLP .10 .10 1.00 .18 .92 .57 .63 .60
HeteroGNN .97 .84 .85 .84 .98 .90 .92 .91

Realistic
Majority (All 0) .99 .00 .00 .00 .99 .00 .00 .00
Cosine .03 .01 .98 .02 .93 .03 .20 .05
MLP .01 .01 1.00 .02 .98 .27 .31 .29
HeteroGNN .99 .55 .67 .60 .99 .70 .75 .72

Table 3: Comparison of random vs. text-grounded
initialization across three setups (homogeneous,
heterogeneous with collapsed relations, and het-
erogeneous).

scriptions already separate conceptual categories,
making explicit type tags less critical for this simpli-
fied task. Again, structure matters: MLP remains
substantially weaker (.48).

Predicting relation labels in the original schema
is the most demanding setting. Under balanced
supervision both models perform strongly (Ran-
dom F1=.95, Text F1=.97), indicating that dense
topology provides rich relational signal. Under real-
istic imbalance (1:100), Random drops to F1=.60,
while Text-grounded maintains F1=.72. The advan-
tage emerges particularly when relations share sim-
ilar structural footprints (e.g., multiple predicates
between the same entity types). Topology cap-
tures compatibility, but textual semantics resolves
label-level ambiguity. The MLP baseline (F1=.29)
confirms that text without relational propagation
cannot recover fine-grained predicates. Overall,
results consistently show hybrid behavior: in dense
regimes, relational structure dominates; in sparse
regimes, linguistic grounding provides a stable se-

Ratio Init |S+| |S−| Acc P R F1

1:1 Random 6,340 6,340 .81 .98 .64 .77
Text-grounded 6,265 6,265 .92 .99 .85 .92

1:9 Random 6,340 57,060 .96 .88 .64 .74
Text-grounded 6,265 56,385 .98 .92 .85 .89

1:100 Random 6,340 634,000 .99 .40 .64 .49
Text-grounded 6,265 626,500 .99 .53 .85 .65

Table 4: Performance on the Entity-to-Entity sub-
set.

mantic fallback that prevents cold-start collapse.

Error Analysis. To move beyond aggregate met-
rics, we design a structured error analysis targeting
regimes where graph topology is known to be frag-
ile. We begin with a global hard subset that simu-
lates cold start conditions by retaining only edges
(u, r, v) where at least one endpoint has observed
degree ≤ 1 in the training graph. This isolates the
model’s ability to generalize when structural history
is minimal.

Cold-start evaluation in knowledge graphs can
be artificially inflated by hub shortcuts: models of-
ten default to high-degree Type nodes (e.g., linking
to popular entities such as “USA” for national-
ity). To remove this effect and probe genuine
inductive behavior, we construct a stricter entity-
to-entity subset where (i) the source has degree
≤ 1, (ii) the destination is an Entity (excluding
Type hubs), and (iii) the relation is specific (ex-
cluding generic Bucket labels). Results are re-
ported in Table 4. Under Random initialization,
recall stabilizes around .64 across imbalance ra-
tios, revealing a topology-driven blind spot: when
the source has almost no neighborhood evidence,
structural propagation alone cannot reliably recover
the target. Text grounding raises recall to approx-
imately .85, indicating that semantic initialization
provides usable signal when structural context is
absent. Under heavy imbalance (1:100), both mod-
els lose precision, but degradation is sharper for
Random (P = .40, F1 = .49) than for text-grounded
(P = .53, F1 = .65). This suggests that linguistic
grounding not only improves recall but also reduces
spurious matches in sparse regimes. For KG prac-
titioners, this result highlights that semantic priors
become critical once hub shortcuts and type-based
heuristics are removed. We further decompose the
cold-start subset by relation category. We distin-
guish Head relations, frequent and semantically
specific predicates requiring fine-grained discrimi-
nation among entities of similar types, from Bucket
relations, which approximate coarse domain mem-
bership. Table 5 shows that Bucket relations are
already near ceiling under Random initialization,
confirming that structural compatibility and typing
are sufficient for coarse associations. The bottle-



8

Init Cat. P R F1 N

Random Head 0.99 0.68 0.81 3,412
Bucket 0.99 0.97 0.98 251

Text Head 0.99 0.88 0.93 3,278
Bucket 0.99 0.92 0.96 244

Table 5: Analysis on the Hard Set (Deg≤ 1). Preci-
sion (P), Recall (R), and F1 for Head vs. Bucket
relations.

Init Degree Recall N

Random
Low 0.67 3,853
Med 0.72 17,293
High 0.86 30,517

Text
Low 0.88 3,699
Med 0.87 17,225
High 0.90 30,739

Table 6: Topological bias analysis via Recall strati-
fied by node degree.

neck emerges for Head relations: Random recall
is .68 (F1=.81), reflecting ambiguity when multi-
ple predicates share similar structural footprints.
Text grounding resolves this last-mile ambiguity, in-
creasing recall to .88 and F1 to .93. In other words,
topology suggests plausible connectivity, but se-
mantic grounding enables selection of the correct
predicate under minimal structural evidence.

To quantify structural dependence more system-
atically, we stratify recall over the full test set by
node degree into Low (≤ 2), Medium (3 − 10),
and High (> 10) regimes (Table 6). With Ran-
dom initialization, performance is strongly degree-
dependent: recall rises from .67 (Low) to .86
(High), revealing reliance on dense neighborhoods.
This pattern is characteristic of topology-driven
inference, where reliable signals emerge primar-
ily from hubs and well-connected regions. With
Text-grounded initialization, the dependence on de-
gree largely disappears: recall remains high across
regimes (Low=.88, Medium=.87, High=.90), and
the Low–High gap shrinks to roughly .02. On low-
degree nodes alone, text grounding provides an ab-
solute gain of about +.20 over Random, confirming
that semantic priors compensate when structural
evidence is insufficient.

Qualitative inspection of ranking behavior sup-
ports these quantitative patterns. For a cold-start
node with only two training neighbors under the re-
lation medicine.disease.risk_factors, the
Text-grounded model ranks the correct target
first with maximal confidence (P=1.00). In con-
trast, the Random model fails to place the true
target in the top-10 and assigns similar low-
margin scores (around .24) to unrelated candi-
dates, reflecting uncertainty in the absence of
structural cues. For a hub node with 28 neigh-
bors under relations such as "has topic primary
type" (common.topic.notable_types) and

"authored by" (book.written_work.author),
the Random model ranks correct targets at the top
with probabilities above .99, showing that dense
relational context alone can drive accurate predic-
tions. Together, these diagnostics reveal a clear
regime separation. In dense regions of the graph,
relational message passing dominates, and even
random initialization converges to strong structural
predictors. In sparse or cold-start regions (partic-
ularly for specific predicates where structural foot-
prints overlap) textual grounding acts as a stabiliz-
ing semantic prior that prevents collapse onto hub
heuristics and improves predicate-level discrimina-
tion.

5. Conclusions

We investigated how semantically grounded initial-
ization influences inductive reasoning in hetero-
geneous knowledge graphs. Rather than treating
textual features as auxiliary inputs, we framed ini-
tialization itself as a mechanism for shaping the
inductive bias of graph neural models. Our re-
sults show that text-grounded initialization consis-
tently improves performance in entity-to-entity cold-
start settings, particularly under strict splits that
eliminate topological shortcuts and type leakage.
Beyond aggregate gains, degree-stratified analy-
ses reveal a structural effect: while random ini-
tialization induces popularity-driven bias toward
high-degree hubs, semantically grounded initial-
ization reduces this imbalance, improving recall
for structurally sparse entities without sacrificing
head performance. Predicate-level evaluation fur-
ther indicates that structure captures coarse com-
patibility patterns, whereas language-derived priors
enhance fine-grained relation discrimination.

Overall, these findings suggest that semantically
grounded initialization provides a simple yet effec-
tive interface between implicit knowledge encoded
in language models and explicit relational structure
in knowledge graphs. Unlike recent Text-Attributed
Graph paradigms that assume dense homoge-
neous neighborhoods, our approach achieves ro-
bustness through architectural design. By shaping
the optimization landscape from the outset and em-
ploying a residual fallback, it offers a lightweight
mechanism to mitigate structural bias and prevent
representation collapse in strictly sparse regimes.
Although demonstrated here with a specific hetero-
geneous GNN and fixed encoder, the approach
is modular and readily transferable to alterna-
tive graph architectures or textual encoders, offer-
ing a reproducible framework for studying seman-
tic–structural interaction in inductive link prediction
and related knowledge graph reasoning tasks.
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