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Abstract

Node Importance Estimation (NIE) in Knowl-
edge Graphs (KGs) aims to quantify the sig-
nificance of entities, serving as a pivotal in-
strument for deciphering the latent mecha-
nisms of social dynamics. However, existing
methods are typically confined to supervised
paradigms and rely heavily on topological ag-
gregation, resulting in limited generalization
capability. To address these challenges, we
propose GenNIE, the first end-to-end gener-
ative reasoning framework for NIE. Specifi-
cally, GenNIE leverages Large Language Mod-
els (LLMs) integrated with topological infor-
mation to generate precise importance scores
for entities in KGs. Furthermore, GenNIE in-
troduces a Global-Structural Graph Perception
mechanism to empower the LLMs with holis-
tic graph cognition. Extensive experiments
demonstrate the performance superiority of
GenNIE and its robust generalization across di-
verse domains. Our code is available at https:
//github.com/CoffeyF/GenNIE.git.

1 Introduction

Knowledge Graphs are real-world semantic net-
works endowed with rich textual attributes, as
illustrated in Figure 1. Large-scale KGs such
as Freebase (Bollacker et al., 2008) and DBpe-
dia (Lehmann et al., 2015) have proven to be in-
dispensable resources, serving as a fundamental
tool for Computational Social Science (CSS) to
empower intelligent decision-making.

Node Importance Estimation (NIE) stands as a
fundamental task in KG applications, aiming to
quantify the significance of entities and identify
critical nodes by leveraging the rich knowledge
embedded in KGs (Cao et al., 2025). It is widely
applied across diverse disciplines, including eco-
nomics (Battiston et al., 2012), sociology (Wang
et al., 2019; Zhao et al., 2022), and biological
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Entity type: Movie
Box Office: $702M
Description:...

Representative

Entity type: Person

Job: Director, Scriptwriter...
Description: Christopher Nola
is a famous British director
and

Figure 1: An example knowledge graph on film industry.

sciences (Barabadsi et al., 2011). Early works re-
lied on calculating centrality metrics to estimate
node importance. However, these metrics often
diverge from the actual importance of entities in
real-world KGs and become computationally im-
practical on large-scale networks. Subsequent stud-
ies employed Graph Neural Networks (GNNs) and
their variants to capture the correlation between
node importance and topological patterns through
neighborhood aggregation. Recent advancements
have incorporated textual attributes to refine node
importance estimation. However, these methods
typically operate under a supervised paradigm that
overfits domain-specific structural and semantic
patterns, which results in poor generalization. Fur-
thermore, the intricate fusion of these modalities
often leads to semantic entanglement, hindering
effective reasoning.

To address these challenges, we propose Gen-
NIE, an end-to-end generative reasoning frame-
work that reformulates the NIE task from tradi-
tional topological aggregation into a generative in-
ference paradigm.

Specifically, GenNIE introduces an LLM-
adaptive topology injection mechanism. By em-
ploying a Mixture-of-Experts (MoE) projector
and structure-guided cross-attention, we integrate
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relation-aware node embeddings derived from the
graph encoder within the LLM’s semantic space.

Furthermore, unlike general KG tasks, NIE re-
quires a comprehensive perception of global topol-
ogy. Crucially, the injected structural informa-
tion must be highly discriminative to distinguish
nodes at varying importance levels. Meanwhile,
the LLM must internalize a robust scoring stan-
dard derived from both global textual and topologi-
cal information. To achieve this, GenNIE features
a global-structural graph perception mechanism.
Globally, a learnable soft prompt is utilized to en-
capsulate overall scoring patterns in a knowledge
graph during fine-tuning. Structurally, we devise
a self-supervised contrastive learning strategy. By
aligning the embeddings of nodes with similar im-
portance, this strategy explicitly reconstructs the
topological importance manifold of entities within
the feature space.

Finally, the learnable soft prompt, injected struc-
tural information, and textual attributes are com-
posed as input, upon which the LLM reasons to
generate importance scores. The framework is op-
timized through Hybrid Parameter-Efficient Fine-
Tuning (Hybrid PEFT) with LLM backbone frozen.

We conduct extensive experiments on four real-
world KGs, demonstrating the effectiveness of Gen-
NIE. Moreover, the transfer experiments verify its
superior generalization capability across domains.
Finally, analysis confirms that the graph percep-
tion mechanism significantly augments the LLM’s
sensitivity to complex topological structures. Our
contributions are summarized as follows:

* We propose GenNIE, an end-to-end gener-
ative reasoning framework for NIE, which
demonstrates robust generalization capabili-
ties compared to existing supervised methods.

* We introduce a graph perception mechanism
to augment the LLM’s sensitivity to topologi-
cal structures on NIE tasks.

* We demonstrate GenNIE’s practical utility
through a case study on historical character
influence, underscoring its potential for CSS.

2 Related Work

Node Importance Estimation. Early research
on NIE primarily approximates node importance
by calculating topological statistics (Ren and Lii,
2014) such as Degree Centrality (Albert et al.,

2000), K-shell (Kitsak et al., 2010), and PageR-
ank (Page et al., 1999). These traditional methods
heavily rely on pure topological statistics, com-
pletely discarding rich textual attributes. Further-
more, their computational costs scale prohibitively
with the growing size of modern knowledge graphs.

Subsequently, GNN-based methods have been
applied to the NIE task. GENI (Park et al.,
2019) utilizes graph attention mechanisms to ag-
gregate neighboring importance scores. Multilm-
port (Park et al., 2020) infers latent node impor-
tance through multi-signal fusion. HIVEN (Huang
et al., 2022) captures local structural patterns inher-
ent in graphs. RGTN (Huang et al., 2021) deeply
fuses semantic attributes with structural features.
SKES (Chen et al., 2024b) quantifies the difference
between a node and a sufficiently uninformative ref-
erence. MVPL (Ma et al., 2026) introduces multi-
view contrastive learning. AGCL (Shu et al., 2025)
combines attention mechanisms with contrastive
learning to model importance characteristics. LI-
CAP (Zhang et al., 2025) leverages label-informed
sampling strategies to incorporate real-world prior
knowledge. EASING (Chen et al., 2025) models
informative distributions to regularize uncertainty
for unannotated data. LENIE (Lin et al., 2025) inte-
grates LLMs to enhance text attributes. While these
GNN-based approaches attempt to fuse textual at-
tributes and topological structures, their inherent
lack of deep language understanding often leads
to severe semantic entanglement. In contrast, our
method bypasses convoluted fusion mechanisms
by directly leveraging LLLMs to comprehend tex-
tual prompts and explicitly injecting topological
features into the semantic space.

Large Language Models on Graph Mining.
With the rapid advancement of LLMs (Mi-
naee et al., 2025), they have been widely ap-
plied to graph mining tasks including reason-
ing, node classification, and link prediction (Jin
et al.,, 2024; Wang et al., 2025). For instance,
GraphLLM (Chai et al., 2025), GraphGPT (Tang
et al., 2024), and GNP (Tian et al., 2024) enhance
LLMs with graph embedding on node classification
and link prediction tasks. To further enhance rea-
soning, GraphWiz (Chen et al., 2024a) employs
direct preference optimization on graph-specific
instruction data, and MuseGraph (Tan et al., 2026)
utilizes compact graph descriptions to facilitate in-
struction tuning.
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3 Preliminaries

Definition 1 (Knowledge Graph). A knowledge
graph is formally defined as G = (V, &, R). Here,
V denotes the set of nodes (entities) enriched with
textual attributes, R denotes the set of relation
types, and £ C V x R x V is the set of triplets.

Definition 2 (Node Importance). The impor-
tance of a node v; € V is quantified by a numerical
score s; € RT. This non-negative scalar reflects
the intrinsic significance, popularity, or centrality
of the entity within the knowledge graph.

Definition 3 (Node Importance Estimation).
Given a KG G and a subset of nodes V;, C V asso-
ciated with known importance scores S, = {s; |
v; € V1 }, the goal of NIE is to learn a mapping
function ® : YV — R™. This function aims to accu-
rately predict the latent importance scores for the
remaining unlabeled nodes.

4 Methodology

As shown in Figure 2, GenNIE is a framework that
uses LLMs to generate node importance scores.
First, we introduce adaptive topology injection to
integrate aggregated node structural information
into the semantic space. Then, we introduce the
graph perception mechanism to enhance the holis-
tic topology perception capability of the LLMs
through supervised contrastive learning and a learn-
able soft prompt. Finally, we adopt the Hybrid
PEFT strategy to jointly optimize the overall archi-
tecture in an end-to-end manner.

4.1 Topological Information Injection
4.1.1 Node Information Aggregation

Firstly, we utilize the Node2Vec algorithm (Grover
and Leskovec, 2016) to get the initial embeddings
for all nodes in knowledge graph, denoted as
HO = {hq(jo) | v € V}. Then, we aggregate struc-
tural information from the L-hop local subgraph
of each entity to capture its intrinsic topological
characteristics. Considering that different types of
relations (predicates) contribute unequally to the
importance of an entity, we employ a predicate-
aware attention mechanism (Huang et al., 2021) to
explicitly model these relation distinctions. Specif-
ically, we iteratively update node features by stack-
ing L predicate-aware multi-head attention layers.
For the k-th attention head at the [-th layer, the

normalized attention weight o/(c’l for node v re-
u,v),r

garding neighbor u under relation r is defined as:

kly (ONT k(1)
o = Softmax (WQ hy) (WK ) + [Wl p ]
'(u,'v)ﬂ’ U/E/\/y /dk RET k ’
r"ER 1,

ey
where N, is the neighbor set of v, and R/, is the
set of relations connecting u’ and wv. W, repre-
sents the learnable projection matrices, and p, is
the learnable embedding vector for relation r. [-]
is the scalar bias corresponding to the k-th head.
We add a self-loop to each node with a relation type
Tself, €nsuring v € N,.

Based on the normalized attention weights, we
perform a weighted aggregation over the hetero-
geneous neighborhood. The subsequent feature
update follows the standard Transformer encoder
architecture, which explicitly employs residual con-
nections and a Feed-Forward Network (FFN). We
abstract this general non-linear transformation as:

h{*+1) = TransformerBlock <h1(]l), {a’(“q;l7v)7r}) ,

2
After L stacked layers, we obtain the structural
embedding h3trvet = b,

4.1.2 LLM-Adaptive Node Topology Injection

Directly concatenating aggregated node embed-
dings with textual tokens often hinders effective
reasoning due to the inherent modality gap be-
tween structural and semantic spaces. To bridge
this gap, we design an LLM-adaptive topology in-
jection strategy comprising an MoE projector and
a structure-guided cross-attention mechanism.

MOokE Projector. To achieve fine-grained modal-
ity alignment, we introduce an MoE projector that
utilizes multiple expert networks to capture distinct
feature subspaces within the topology-semantic
mapping. Specifically, the projector comprises N
expert networks {&;} |, where each expert &; is
implemented as a two-layer MLP with GELU ac-
tivation. Given the structural embedding hs!"“<t,
we compute the routing probabilities g via a gat-
ing network to derive the active expert indices 7
(Top-m). The final output h})"®’, which aligns with
the LLM hidden dimension, is generated through
weighted aggregation of the selected experts:

g = Softmax(R,hi"""), T = Top-m(g),
hgroj — Z gi 4 'gi(hf)tTUCt), (3)
ieT 2jeT 9i

where R, is the learnable gating matrix, and g;
denotes the gating probability of the ¢-th expert.
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Figure 2: The overall architecture of GenNIE. Given a knowledge graph, it first obtains nodes embeddings and
injects them into semantic space. Then with the help of graph perception mechanism, we enhance the LLMs’
capability of topology perception. Finally, we construct the input and train the model with hybrid fine-tuning.

Structure-Guided Cross-Attention. To achieve
deep integration between the projected topological
features and the entity’s textual attributes, we em-
ploy a structure-guided cross-attention mechanism.
First, we leverage the pre-trained embedding layer
of the LLM to encode the target entity’s textual
attributes, yielding a sequence of text embeddings
H!**t, Subsequently, we treat the structural embed-
ding as the query to attend to textual features. The
cross-modal fusion is computed as:

(Ughl™) T (U (Hi™)T)
Vv dhead 7 (4)
hgligned _ (UV (Hf)ea:t)'r)lAT7

A = Softmax

where U ) represent the learnable projection ma-
trices, and dj,..q i8S the dimension of the attention
head. Through this mechanism, the model automat-
ically aggregates relevant semantic features guided
by the entity’s topological information. The final
output h%'*9"*? i directly utilized in the subsequent
LLM inference process.

4.2 Global-Structural Graph Perception

Although the adaptive topology injection effec-
tively captures local semantics, the LLM still
lacks macro-perception capabilities beyond the lo-
cal scope. To address this, we introduce Global-
Structural Graph Perception.

4.2.1 Global Graph Perception

Recent studies (Zhang et al., 2024b; Mao et al.,
2022) demonstrate that incorporating learnable con-
tinuous vectors during the training can efficiently
adapt models to specific downstream tasks. In-
spired by this, we design a hybrid tuning strategy
by introducing a set of global learnable prefixes at
the beginning of the instruction sequence, named
the learnable soft prompt, which serves as a set of
globally shared task-level parameters. During train-
ing, these parameters are continuously optimized
via gradient backpropagation across all samples.
This mechanism enables the soft prompt to aggre-
gate local signals from all nodes. Formally, for
a given node v, we construct the hybrid input se-
quence as follows:

ligned gptext
Pinput = [Pglobala h% rgne ’Eve:r ]7 )

where P g0p,; denotes the soft prompt, and EL*!
represents the token embeddings of the node’s tex-
tual attributes and the NIE task instructions.

4.2.2 Structural Graph Perception

To further enhance the structural distinguishabil-
ity of LLMs regarding node importance levels and
prevent representation degeneration of the graph
encoder caused by text modality dominance, we de-
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Dataset Nodes Edges Edge Types Target Node Importance Metric Nodes with Importance
FB15K 14,951 592,213 1,345 Entity Page Views 14,105 (94.0%)
TMDB5K 76,926 359,780 12 Movie Popularity 4,802 (6.2%)
MUSIC10K 22,986 80,272 8 Artist Artist Hotness 4,214 (18.3%)
DBLP 249,903 2,428,250 6 Paper Citation Count 100,000 (40.0%)

Table 1: Statistics of the knowledge graph datasets. Target Node specifies the particular category of entities subject
to importance ranking. Importance Metric denotes the ground-truth standard used for evaluation.

sign a label-aware supervised contrastive learning
strategy during the training process.

First, we define node pairs in the training batch
with an absolute difference in ground truth impor-
tance scores below a specific threshold s as pos-
itive samples. In NIE tasks, nodes with similar
importance inherently possess similar topological
characteristics. Conversely, node pairs with an ab-
solute difference exceeding a threshold 0y, are
treated as negative samples. Recognizing that the
degree of difference varies among negative pairs
(e.g., a gap of 10 points versus 50 points represents
completely different hierarchical spans), we catego-
rize negative samples into tiers based on the score
gap and assign differentiated weights. Accordingly,
we utilize a weighted InfoNCE loss function to
perform adaptive feature optimization:

z(u, U) — exp(sim(hff”m, 1,1.15;1‘1'uct)/7_)7

20, j) (6)

1
Com ey 3 b -
|P| (igep 2(6,5) + 2 pep, Wi - 2(6,7)

where P denotes the set of positive node pairs, M;
represents the set of negative samples for node 1,
and 7 is the temperature coefficient. Notably, w; ,
is a tier-based adaptive weight that increases in a
step-wise manner with the absolute score difference
|yi — yr |, enforcing stricter separation for pairs with
larger hierarchical gaps.

4.3 Model Training and Optimization

Before training, we perform logarithmic smoothing
and normalization on the raw entity importance
labels s; to derive the target score y;:

log(s; + 1) — log(Smin + 1)
log(smax + 1) — log(smin + 1)’

yi = 100 (7
where Spin and spyax denote the minimum and max-
imum importance scores in the training set, respec-
tively. This transformation maps metrics of varying
magnitudes into the [0, 100] percentile interval, a
range to which LLMs are semantically sensitive.
For each entity, we assemble the hybrid input
sequence Pj;,,,¢ as described in Section 4.2.1 and

feed it into the LLM. During the training phase,
we employ the teacher forcing strategy for end-to-
end optimization. We serialize the target score y;
into a discrete token sequence and minimize the
following generative cross-entropy loss Lgen:

T

1
Egen = *T tz:;log P(yt ‘ Pinputay<t; ®)v (8)

where T is the target sequence length, y; is the
ground truth token at step ¢ given the historical con-
text y<¢, and © denotes all learnable parameters.

Finally, we incorporate the structural contrastive
loss L. proposed in Section 4.2.2 into the joint
optimization objective:

Etotal = Lgen + A Lcl- (9)
Where ) serves as a balancing hyperparameter.

S Experiments

In this section, we conduct extensive experiments
on real-world datasets to evaluate the performance
of GenNIE. We detail the experimental setup in
Section 5.1. Subsequently, from Section 5.2 to Sec-
tion 5.6, we sequentially analyze the performance
of GenNIE, generalization capabilities, ablation
studies, the effectiveness of the graph perception
mechanism, and the parameter sensitivity of the
framework.

5.1 Experimental Settings
5.1.1 Dataset Description

We conducted experiments on four publicly avail-
able knowledge graphs of distinct domains and pro-
cess the graphs following previous work (Huang
et al., 2021). Please refer to Appendix A.1 for de-
scriptions of these datasets. The detailed statistics
of nodes and edges are presented in Table 1.

5.1.2 Baseline Methods

To evaluate GenNIE, we compare it against
four categories of baselines. (1) Traditional
Network Analysis: PageRank and Personalized
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Method FB15K TMDBSK MUSIC10K DBLP
NDCG@100 SPEARMAN NDCG@100 SPEARMAN NDCG@100 SPEARMAN NDCG@100 SPEARMAN

PR 0.8400 = 0.0103  0.3497 % 0.0188 | 0.8387 = 0.0102 0.6247 % 0.0130 | 0.7992 = 0.0140 0.1772%0.0189 | 0.3310%0.0000 -0.1040 = 0.0000
PPR 0.8411+£0.0112 03500 £ 0.0192 | 0.8495 £ 0.0083  0.6856 & 0.0098 | 0.7981 + 0.0109  0.1890 + 0.0228 | 0.3330 £ 0.0000  0.0510 = 0.0000
LR 0.9407 +£0.0076 07837 £ 0.0044 | 0.7507 £ 0.0337  0.3569 & 0.0321 | 0.8702+0.0171  0.3566 £ 0.0199 | 0.5380 £ 0.0000 ~ 0.3120 & 0.0000
MLP 0.9246 £0.0065 07075 £ 0.0109 | 0.7192 £ 0.0270  0.2751 & 0.0100 | 0.7229 + 0.0244  0.0349 + 0.0523 - -

GCN 0.8778 = 0.0147  0.4660 % 0.0288 | 0.8620 = 0.0233  0.6588 % 0.0471 | 0.8854 = 0.0199  0.4440 % 0.0326 - -

RGCN 0.8547 £0.0189  0.2859 + 0.0264 | 0.8656 + 0.0171  0.7282 % 0.0240 | 0.8974 %+ 0.0087 ~ 0.5377 + 0.0097 - -
GraphSAGE | 0.9491 £ 0.0081  0.8076 & 0.0088 | 0.8297 +0.0322  0.5467 & 0.0318 | 0.9076 + 0.0111  0.4591 + 0.0195 - -

GENI 0917400139 077104 0.0094 | 0.8522%0.0132 0.734540.0219 | 0.8872%0.0065 04928 % 0.0262 | 0.6020 % 0.0000 0.4120 % 0.0000
RGTN 09587 +£0.0034  0.8370 £ 0.0101 | 0.8996 +0.0191  0.7480 % 0.0164 | 0.9126 + 0.0114  0.4590 £ 0.0237 | 0.6430 £ 0.0000 ~0.4380 = 0.0000
HIVEN - - 09102 +0.0000 0.7931 £ 0.0000 | 0.8807 £ 0.0000 ~ 0.5523 & 0.0000 | 0.7475 + 0.0000 0.5323  0.0000
SKES - - 0.9420 £ 0.0000  0.8230 = 0.0000 | 0.8940 £ 0.0000  0.6020 & 0.0000 | 0.6740 = 0.0000 0.4830 £ 0.0000
LICAP 0.9409 £ 0.0086  0.7839 £ 0.0130 | 0.8851 +0.0195 0.7306 % 0.0178 | 0.9130 +0.0133 04717 + 0.0331 - -

MVPL 0.9586 £ 0.0072  0.8260 & 0.0020 | 0.9157 £ 0.0041  0.8018 & 0.0046 - - - -

LENIE 0.9629 £ 0.0037  0.8427 £ 0.0036 | 0.9133 +0.0118  0.7851 & 0.0167 | 0.9395 + 0.0032  0.6553 + 0.0164 - -
InstructGLM | 0.8554 £0.0110 02150 £ 0.0045 | 0.8715 £ 0.0085 0.5850 & 0.0072 | 0.8340  0.0125  0.1880 £ 0.0090 | 0.4550 £ 0.0080 0.0520 & 0.0055
GraphWiz 0.5215 +0.0055 -0.0296 £ 0.0030 | 0.6120 £ 0.0068 -0.0671 % 0.0040 | 0.6250 + 0.0095 -0.0450 £ 0.0035 | 0.3126 £ 0.0075 -0.0150 % 0.0020
GenNIE(1.1B) | 0.9755 +0.0025 0.9081 £ 0.0020 | 0.9098 £ 0.0030 0.7765 + 0.0028 | 0.9592 4+ 0.0052  0.6881 £ 0.0045 | 0.9696 + 0.0022  0.5695 + 0.0018
GenNIE(3B) | 09750 £0.0035 0.9204 & 0.0015 | 0.9188 & 0.0025  0.8092 & 0.0015 | 0.9635 + 0.0040  0.7364 £ 0.0038 | 0.9680 £ 0.0020  0.5881 + 0.0016

Table 2: Performance comparison on node importance estimation. The best results are highlighted in bold, and the

second-best results are underlined.

PageRank (PPR). (2) Machine Learning: Lo-
gistic Regression (LR) and Multi-Layer Percep-
tron (MLP). (3) GNN-based Methods: We in-
clude general encoders (GCN (Kipf and Welling,
2017), RGCN (Schlichtkrull et al., 2018), Graph-
SAGE (Hamilton et al., 2017)) and special-
ized frameworks (GENI (Park et al.,, 2019),
RGTN (Huang et al., 2021), LICAP (Zhang et al.,
2025), HIVEN (Huang et al., 2022), MVPL (Ma
etal., 2026), LENIE (Lin et al., 2025), SKES (Chen
et al., 2024b)). (4) LLM-based Graph Frame-
works: We select representatives from two domi-
nant paradigms and tailor them to the specific re-
quirements of the NIE task. InstructGLM (Ye
et al., 2024) represents the structure-serialization
paradigm, transforming topology into text for in-
struction tuning. GraphWiz-DPO (Chen et al.,
2024a), a graph foundation model, is enhanced
with CoT and Few-Shot strategies (Chen et al.,
2024c) to represent the prompt-guided reasoning
paradigm, leveraging its intrinsic reasoning capa-
bilities to derive scores. The inclusion of the LLM-
based frameworks aims to verify whether methods
designed for general graph mining tasks can be
effectively adapted to the precise numerical esti-
mation challenges inherent to NIE, and specific
adaptation for them are detailed in Appendix A.2.

5.1.3 Evaluation Metrics

Following previous works, we employ two met-
rics to evaluate model performance on the NIE
task. Normalized Discounted Cumulative Gain
(NDCG @K) evaluates the ranking quality of the
top-K nodes, while the Spearman correlation coef-
ficient (SPEARMAN) measures the global ranking

RMSE on FB15k RMSE on TMDB5K
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Figure 3: Performance of RMSE on each method.

consistency. Please refer to Appendix A.3 for the
detailed definitions of these metrics.

5.1.4 Implementation Details

Please refer to Appendix A.4 for detailed imple-
mentation parameters and training settings.

5.2 Performance Analysis

We evaluate GenNIE instantiated with TinyLlama-
1.1B (Zhang et al., 2024a) (sharing the iden-
tical architecture with Llama) and Llama-3.2-
3B (Grattafiori et al., 2024) against various base-
lines. The results are presented in Table 2.
Overall, GenNIE achieves superior performance
across most datasets, demonstrating its exceptional
capability in the NIE task. Notably, GenNIE con-
sistently maintains an NDCG@ 100 score above
0.90 across all datasets, indicating its stability and
effectiveness in mining important entities within
knowledge graphs. Furthermore, GNN-based meth-
ods generally outperform traditional and ML-based
approaches, validating the GNNs’ capability in ag-
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gregating topological features. In contrast, the
modified LLM-based frameworks exhibit subop-
timal performance on the NIE task. Despite being
enhanced with prompt optimization, GraphWiz is
unable to establish a reliable standard for node
importance ranking. Similarly, InstructGLM, re-
lying on graph-to-text serialization, struggles to
effectively capture complex topological informa-
tion. Regarding model scale, the 3B version of
GenNIE generally outperforms the 1.1B variant,
and the detailed impact of parameter size will be
discussed in Section 5.6.

We also adopt the Root Mean Square Error
(RMSE) to assess the deviation between the pre-
dicted and ground-truth importance scores. To en-
sure consistency with established benchmarks, we
compute RMSE directly on the log-transformed im-
portance values rather than the normalized [0, 100]
interval. We select a subset of representative base-
lines to compare with GenNIE-Llama3B, and the
results are illustrated in Figure 3. These results in-
dicate that GenNIE achieves superior predictive ac-
curacy, demonstrating that our generative approach
driven by semantic reasoning can more effectively
capture the underlying scoring patterns.

5.3 Generalization Analysis

FB15K-MUSIC10K
NDCG@100 SPEARMAN

0.7096 -0.0284

FB15K-TMDBS5SK
NDCG@100 SPEARMAN

0.4135 -0.1266
0.6545 0.0113
0.5607 0.0934

0.8172 0.5519

Method

GENI
LENIE

GenNIE (Ours)

0.7297 0.0287
0.7336 0.0168

0.9171 0.5907 |

RGTN
\

Table 3: Zero-shot transfer evaluation results.

To verify the generalization capability of Gen-
NIE, we conducted zero-shot transfer experiments.
Specifically, we trained the model on FB15K
dataset and evaluated its performance directly on
the other test datasets without additional training.
For unseen relation types in the target datasets, their
embeddings are randomly initialized during trans-
fer. We compared GenNIE-Llama3B with repre-
sentative GNN-based models.

As shown in Table 3, although the performance
of GenNIE shows a slight decline compared to
the in-domain supervised setting, it still maintains
a remarkable level. In contrast, the performance
of GNN-based methods is unsatisfactory. The re-
sults indicate that they fail to produce a meaning-
ful ranking order when the domain changes. This
experiment proves that unlike traditional GNNs

that overfit to dataset-specific topological distribu-
tions, GenNIE utilizes LLMs for semantic reason-
ing, demonstrating strong generalization capability.
A more in-depth analysis of the generalization per-
formance is provided in Appendix A.5.

5.4 Ablation Study

FB15K MUSIC10K
NDCG@100 SPEARMAN | NDCG@100 SPEARMAN

0.9518 0.8313 0.9434 0.6551
0.9634 0.8077 0.9145 0.5271
0.9385 0.7920 0.9110 0.5050
0.8780 0.6826 0.7553 0.1012
0.9512 0.8377 0.9490 0.5925
0.7162 0.1104 0.6700 0.0913

0.9755 0.9081 |  0.9592 0.6881

Variant

w/o Contrastive Learning
w/o Soft Prompt

w/o Cross-Attention

w/o Textual Attributes

w/ MLP Projector

w/o Topological Injection

GenNIE (Full) |

Table 4: Ablation study on FB15K and MUSIC10K.
"w/o" denotes the removal of a specific component.

To investigate the contribution of each compo-
nent in GenNIE, we conducted ablation studies
on TinyLlama-1.1B with FB15K and MUSIC10K.
Experiment results are presented in Table 4. Specif-
ically, the w/o Topological Injection variant com-
pletely removes the GNN encoder and the MoE pro-
jector, relying solely on text prompts. The w/o Tex-
tual Attributes variant provides only structural em-
beddings to the LLM without any text descriptions.
For the w/o Cross-Attention variant, the MoE pro-
jector is retained for dimensional alignment while
the structure-guided cross-attention mechanism is
removed, directly concatenating the projected topo-
logical embeddings before the text prompt. The w/
MLP Projector variant replaces the MoE architec-
ture with a standard MLP of equivalent capacity
for modality alignment.

The significant performance drop upon the w/o
Topological Injection variant and the w/o Textual At-
tributes variant confirms that the importance of the
entities in KGs is jointly determined by the synergy
between topology and semantic information. Fur-
thermore, the exclusion of the cross-attention mech-
anism validates the effectiveness of deeply fusing
topological signals with textual features. Addition-
ally, the superiority of the MoE projector over the
MLP baseline demonstrates that the multi-expert
architecture is more effective at capturing highly
diverse topological patterns. Finally, the ablation of
the perception mechanism highlights its necessity,
which will be discussed in detail in Section 5.5.

5.5 Effectiveness of Graph Perception

Global Graph Perception. To demonstrate the
effectiveness of learnable soft prompts, we calcu-
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NDCG @100
w/o Prompt  GenNIE (Full) Improv.

SPEARMAN

Group ‘ w/o Prompt  GenNIE (Full) Improv.

High 0.9118 0.9454 +3.7% 0.6729 0.7381 +9.7%
Medium 0.8507 0.9081 +6.7% 0.6261 0.7503 +19.8%
Low 0.7919 0.8868 +12.0% 0.5073 0.7131 +40.6%

Table 5: Analysis of the effectiveness of the learnable
soft prompt across different node centrality groups.

lated the betweenness centrality of all nodes in the
TMDBS5K test set. Based on these centrality scores,
we categorized the nodes into three groups: High
(top 20%), Medium (middle 60%), and Low (bot-
tom 20%). We then randomly sampled 150 nodes
from each group to compare the performance of
the w/o Soft Prompt variant against the full Gen-
NIE(1.1B) model. The results are presented in
Table 5. We observe that the performance improve-
ment is most significant in the low betweenness
group (e.g., +40.6% in Spearman). This result indi-
cates that the soft prompt effectively compensates
for the lack of structural information in less central
nodes, demonstrating its capability to capture and
inject global topological context into the model.

Structural Graph Perception. To investigate
the enhancement of contrastive learning on struc-
tural graph perception, we sorted the nodes in the
TMDB5K test set by their ground-truth importance
scores and divided them into three equal groups.
From each group, we randomly selected 150 nodes.
Subsequently, we performed K-means clustering
on the neighbor-aggregated representations h5"u<t
of these selected nodes and calculated the Normal-
ized Mutual Information (NMI) and Adjusted Rand
Index (ARI) to evaluate the discriminative capabil-
ity of structural encodings across different impor-
tance levels. We compared the w/o Contrastive
Learning variant against the full GenNIE (1.1B)
model. Furthermore, to verify the contribution of
contrastive learning to model generalization, we
conducted zero-shot transfer experiments. The re-
sults are presented in Table 6.

Model Clustering (TMDB5K) FB15K-TMDB5K
ode NMI ARI NDCG@100 SPEARMAN

w/o Contrastive Learning | 0.312 0.328 0.635 0.198

GenNIE (Full) 0.622 0.642 0.795 0.547

Table 6: Analysis of Contrastive Learning (CL).

The results demonstrate that contrastive learning
significantly enhances the graph encoder’s topo-
logical discriminability. While instruction tuning
improves scoring, it risks diluting structural percep-
tion. GenNIE mitigates this trade-off by preserving

discriminative patterns through contrastive learn-
ing, thereby ensuring robust generalization across
diverse distributions.

5.6 Parameter Sensitivity Analysis

Model | FB15K | TMDB | Music | DBLP
Qwen2.5-0.5B | 0.8271 | 0.7105 | 0.4992 | 0.5113
Qwen2.5-3B 0.9109 | 0.7700 | 0.6963 | 0.5960
TinyLlama-1.1B | 0.9081 | 0.7765 | 0.6881 | 0.5695
Llama-32-3B | 0.9204 | 0.8092 | 0.7364 | 0.5881
Llama-3-8B 0.9277 | 0.8369 | 0.7985 | 0.6102
Gemma-2-2B | 0.9274 | 0.7907 | 0.7069 | 0.5965
Gemma-2-9B | 0.9319 | 0.8038 | 0.7358 | 0.6135

Table 7: SPEARMAN of GenNIE with different LLMs.

To investigate the impact of LLMs’ parameter
scales and architectures on GenNIE, we conducted
experiments across a diverse set of representative
open-source models, including Qwen2.5 (Team
et al., 2024b), Llama series (Grattafiori et al.,
2024), and Gemma-2 (Team et al., 2024a). By
analyzing the Spearman coefficients in Table 7,
we observe that while increasing the parameter
scales generally contributes to performance gains,
the lightweight models still exhibit remarkable ef-
fectiveness. Furthermore, the Llama series exhibits
relatively better performance. Overall, apart from
the 0.5B model, GenNIE remains effective across
various LLMs, proving its architectural robustness.

6 Case Study

To demonstrate GenNIE’s potential in CSS, par-
ticularly for scenarios with scarce resources, we
conducted a case study to assess the importance
of historical characters. We constructed the knowl-
edge graph by structuring raw historical corpora,
which allows for capturing comprehensive charac-
ter information. We selected the official biographi-
cal history Records of the Three Kingdoms as our
corpus, which provides authoritative records of the
Eastern Han period in China.

Tilly (2002) demonstrates that the influence of
a historical character is closely correlated with the
extent of their participation in collective events.
Guided by this, we designed an ontology for
Document-level Event Extraction (DEE) (Liu et al.,
2023) and utilized LLMs to extract structured event
records. Historical characters in extracted records
are serve as nodes, and edges are established be-
tween characters who co-participate within the
same event record. Subsequently, we performed
LLMs to perform entity disambiguation and en-
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Figure 4: Visualization of the character KG. Distinct
colors represent different political factions.

riched character attributes using the CBDB (Har-
vard University et al., 2019). Finally, we con-
structed the KG with statistics as table 8.

Nodes
1,678

Dataset Edges Edge Types

13,921 17

Three Kingdom character KG

Table 8: Statistics of the constructed knowledge graph.

Given the shared focus on character impor-
tance, we directly applied the Music-10K-trained
GenNIE-Llama-8B to our KG. Figure 4 visualizes
the constructed knowledge graph, where the node
size corresponds to the predicted importance score.

As shown in Figure 4, we can clearly observe
the importance of the characters, where key fac-
tion leaders are distinctly highlighted. This demon-
strates the effectiveness of GenNIE in applications
within a specific cultural context. The elaborate
case study is provided in Appendix A.6.

7 Conclusion

In this paper, we proposed GenNIE, a generative
NIE framework based on structure-guided semantic
reasoning. Through topology injection and graph
perception mechanism, it achieves a deep integra-
tion of topology and semantics. Extensive experi-
ments demonstrate GenNIE’s superior performance
and its generalization capability, proving that it can
serve as a powerful tool for sociological analysis.

Limitations

Current KG-based approaches for Node Impor-
tance Estimation (NIE) are predominantly pred-
icated on static knowledge graph. Consistent with
this established research paradigm, our work mod-
els entity interactions as a unified structural whole.
However, in real-world scenarios, the importance
of an entity is inherently time-dependent and dy-
namic rather than constant. In future work, we plan
to develop a specialized benchmark for Temporal
Node Importance Estimation in historical contexts,
aiming to provide more robust analytical tools for
the Computational Social Science (CSS) commu-
nity.

Ethical Considerations

All artifacts utilized in this study, including the
four benchmark datasets and the LLMs, are open-
source and employed strictly for academic research.
The Records of the Three Kingdoms text resides
in the public domain. Our derived data, encom-
passing the knowledge graph and node importance
rankings, contains no copyrighted material or per-
sonally identifying information.
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A Appendices

A.1 Dataset Description

We evaluate our framework on four diverse real-
world knowledge graph datasets: FB15K (Bordes
et al., 2013), TMDB5K (Park et al., 2019), Music-
10K (Park et al., 2019), and DBLP (Chen et al.,
2024b). Detailed statistics are summarized in Ta-
ble 1.

FB15K. FBI5K (Bordes et al., 2013), a widely
adopted subset of Freebase (Bollacker et al., 2008),
comprises rich general knowledge triplets. In our
experimental setting, we leverage entity descrip-
tions from Wikidata as semantic information and
define the ground-truth node importance based on
the 30-day page view count of the corresponding
Wikipedia pages.

TMDBSK. Derived from the TMDB 5000
dataset, TMDBS5K encompasses entities includ-
ing movies, actors, crew members, and production
companies. For this dataset, we specifically evalu-
ate the importance of movie nodes, employing the
popularity score provided in the original source as
the ground-truth label.

Music-10K. Sampled from the Million Song
Dataset (Bertin-Mahieux et al., 2011), Music-10K
models the relationships between artists and songs.
We focus on assessing the importance of artist
nodes, utilizing the artist hotness metric as the
ground truth.

DBLP. DBLP is an academic citation graph rep-
resenting papers and their citation relationships.
In this dataset, we target paper nodes and adopt
the citation count of each paper as the quantitative
measure of its importance.

A.2 Model Adaptation

To align the capabilities of Large Language Models
with the specific requirements of Node Importance
Estimation (NIE), we performed targeted adapta-
tions on two representative frameworks: Instruct-
GLM (Ye et al., 2024) and GraphWiz (Chen et al.,
2024a). While these models were originally de-
signed for general graph reasoning or generation
tasks, they require specific modifications to bridge
the gap between semantic understanding and pre-
cise importance quantification. The specific adap-
tation schemes are described as follows.

InstructGLM. InstructGLM (Ye et al., 2024) in-
troduces a rigorous instruction-tuning framework
tailored for graph machine learning. By linearizing
local subgraphs into natural language descriptions,
it enables LLMs to comprehend complex struc-
tural information. Originally, this framework was
primarily deployed for classical graph tasks such
as node classification and link prediction. We se-
lected InstructGLM as a representative baseline
because it exemplifies the paradigm of transform-
ing graph structures into textual sequences, thereby
leveraging instruction fine-tuning (SFT) to enhance
performance on graph-specific tasks.

To adapt InstructGLM for the NIE task, we main-
tain its original model architecture but reconfig-
ure the input-output format for Supervised Fine-
Tuning. Specifically, we incorporate the textual
attributes of the target node into the input and seri-
alize its surrounding local subgraph structure into a
natural language prompt. Crucially, we redefine the
generation target: instead of predicting a class label,
the model is trained to generate the normalized im-
portance score of the central node. Consistent with
the original training protocol, we fine-tuned the
model using a mixture of subgraph scopes ranging
from 1-hop to 3-hop neighbors. During the infer-
ence phase, we evaluated the model using prompts
constructed from 1-hop, 2-hop, and 3-hop neigh-
borhoods separately, and reported the optimal per-
formance achieved across these settings.

GraphWiz. GraphWiz (Chen et al., 2024a) is a
family of open-source language models specifically
instruction-tuned for explicit graph reasoning tasks.
Unlike general-purpose LLMs, GraphWiz is opti-
mized to understand structural dependencies and
solve complex graph problems. To further elevate
its capability in quantifying node importance, we
adopt the LLM-as-Predictor paradigm highlighted
by Chen et al. (2024c¢), which demonstrates that
combining LL.Ms with Chain-of-Thought (CoT)
and Few-Shot prompting significantly enhances
performance on graph tasks such as node classi-
fication. We selected GraphWiz as a baseline to
represent the paradigm of leveraging in-context
learning (ICL) on specialized graph LL.Ms, distin-
guishing it from the supervised fine-tuning (SFT)
paradigm employed by InstructGLM.

Following (Chen et al., 2024c), we designed a
structure-aware CoT prompt strategy. First, to con-
struct a representative few-shot context, we em-
ployed a stratified sampling strategy: we selected
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one representative node instance from each 20-
point score interval (e.g., 0-20, 20-40, ..., 80-100)
to ensure the model perceives the full spectrum
of importance distribution. Second, for the target
node, we linearized its neighborhood into textual
descriptions, enabling the model to process topo-
logical context semantically.

An illustration of the specific prompt template
used for the FB15K dataset is shown in Figure 7.

A.3 Evaluation Metrics

To comprehensively assess the performance of our
framework in terms of both ranking quality and
numerical prediction precision, we employ three
standard metrics: Normalized Discounted Cumula-
tive Gain (NDCG), Spearman’s Rank Correlation
Coefficient (Spearman), and Root Mean Square
Error (RMSE).

NDCG@K. Normalized Discounted Cumulative
Gain is widely used to evaluate the quality of rank-
ing, particularly emphasizing the correctness of
top-ranked items. Given a list of nodes ranked by
their predicted importance scores, the Discounted
Cumulative Gain at position K (DCG@K) is cal-
culated as:
K rel;
7
DCGQK ; N
where rel; denotes the ground-truth importance
score of the node located at the ¢-th position in the
predicted ranking list. To normalize this metric
across different lists, we divide DCG@K by the
Ideal DCG (IDCG@K), which is obtained by rank-
ing nodes strictly according to their ground-truth
scores:
DCGaK ‘ (11
IDCGQK
We report NDCG @K to demonstrate the model’s
ability to identify the most significant nodes.

NDCGQOK =

Spearman Correlation. To evaluate the mono-
tonic relationship between the predicted ranking
and the ground-truth ranking over the entire test set,
we utilize the Spearman Rank Correlation Coeffi-
cient (p). Let rg; and rp; denote the rank positions
of the i-th node in the ground-truth list and the
predicted list, respectively. The coefficient is com-
puted as:

>ity(rgi = r9)(rpi — )

VEX (rgi — g2 /X (rp — 7).
(12)

Spearman =

where NN is the total number of test nodes, and
rg, rp are the mean ranks. A higher Spearman cor-
relation indicates a stronger alignment between the
predicted global order and the actual importance
order.

RMSE. Root Mean Square Error is employed
to measure the precision of the regression values.
It quantifies the average magnitude of the error
between the predicted importance scores and the
ground-truth scores:

N

1 .
RMSE = || + z;(y — )2,

(13)

where y; and ¢; represent the ground-truth impor-
tance score and the predicted score for the -th node,
respectively. Lower RMSE values indicate higher
accuracy in numerical estimation.

A4 Implementation Details

All experiments were implemented using Python
3.10.19 and the Deep Graph Library (DGL) version
2.4.0 (CUDA 12.1). The training process was con-
ducted on a single NVIDIA L20 Tensor Core GPU
with 48GB of VRAM. We employed the AdamW
optimizer with a weight decay of 1e — 4 and a con-
sistent batch size of 32 across all model variants.
To ensure parameter efficiency, we utilized Low-
Rank Adaptation (LoRA) with a rank of r = 16, a
scaling factor o = 32, and a dropout rate of 0.05.
The learning rates were empirically tuned based
on model scales: set to 1le — 3 for GenNIE-Llama-
1.1B, 5e — 4 for GenNIE-Llama-3B, and 3e — 4 for
GenNIE-Llama-8B.

Regarding the hyperparameters, the balancing
coefficient \ in the joint loss function was set to
0.5, which yielded the optimal performance on the
FB15K validation set. For the contrastive learning
module, the temperature coefficient 7 was fixed
at 0.1. To construct informative sample pairs, we
set the threshold for positive sample definition to
dpos = 2.0 and the threshold for negative sample
identification to 0y, = 10.0. Additionally, to fa-
cilitate faster convergence, the soft prompt embed-
dings were initialized using the semantic represen-
tation of the instruction: Estimate the importance
score for this node based on the graph structure
and text information. To prevent overfitting, an
early stopping mechanism was applied with a pa-
tience of 20 epochs based on the validation set
performance.
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A.5 Generalization Analysis

To further investigate the factors influencing the
generalization capability of GenNIE, we analyze
whether the performance drop during transfer is
primarily caused by unseen relation types. Specifi-
cally, we pre-train the model on FB15K and eval-
uate it on Music-10K under three distinct settings.
The Zero-shot setting is identical to the general-
ization analysis described in Section 5.3. The
Relation-Tuned setting freezes all parameters ex-
cept for the learnable relation embeddings after
pre-training on FB15K, and then fine-tunes them
on Music-10K. The Fixed-Random setting trains
the model on Music-10K but keeps the randomly
initialized relation embeddings frozen, isolating the
effect of relation representations.

Model Setting NDCG@100 SPEARMAN
GenNIE (Zero-shot) 09171 0.5907
GenNIE (Relation-Tuned) 0.9317 0.6385
GenNIE (Fixed-Random) 0.9352 0.6721
GenNIE (Full Supervised) 0.9635 0.7364

Table 9: Performance comparison of different transfer
settings on Music-10K.

As shown in Table 9, fine-tuning only the rela-
tion embeddings brings limited improvement over
the zero-shot baseline and still underperforms the
Fixed-Random setting. This indicates that the per-
formance gap in transfer learning is not solely dom-
inated by relation semantics, but rather stems fun-
damentally from the adaptation of topological en-
coders and global perception modules to new graph
structures.

A.6 Case Study

To demonstrate the generalization capability and
practical utility of our framework in processing
unstructured raw corpora, we conducted a com-
prehensive case study centered on the Records of
the Three Kingdoms (Sanguozhi). Unlike standard
benchmark datasets, this case study involves the
complete pipeline from ontology construction and
information extraction to importance estimation
and historical analysis.

A.6.1 Dataset Background and Ontology
Design

The Records of the Three Kingdoms (Sanguozhi)

serves as the foundational corpus for this case study.

It chronicles the tripartite division of China be-

tween the states of Wei, Shu, and Wu following the

collapse of the Eastern Han Dynasty. This period
is arguably one of the most celebrated and cultur-
ally significant eras in East Asian history, widely
popularized by the 14th-century historical novel
Romance of the Three Kingdoms and countless sub-
sequent cultural adaptations.

We selected this specific historical corpus as our
experimental testbed not only for its cultural promi-
nence but primarily for the inherent complexity
of its social and political fabric. The narrative
presents a densely interwoven network of wavering
alliances, military conflicts, and intricate kinship
relations, offering an ideal scenario to evaluate the
model’s ability to disentangle complex topologi-
cal structures. Furthermore, the classical text is
rich in implicit semantics, where critical power
shifts are often embedded in subtle narrative details
rather than explicit statements, necessitating deep
semantic understanding beyond simple keyword
matching.

To capture these nuances, we designed a spe-
cialized ontology for document-level event extrac-
tion (Figure 6). Distinct from generic schemas,
our ontology explicitly defines complex historical
relations (e.g., Military Alliance, Political Appoint-
ment) and event types, facilitating the extraction of
structured knowledge from narrative texts.

A.6.2 LLM-based Construction Pipeline

We implemented a robust pipeline to transform
the raw historical text into a structured knowledge
graph:

Event Extraction via Few-shot Prompting.
Leveraging the semantic capability of Large Lan-
guage Models, we employed a few-shot prompting
strategy to extract event records. The prompt tem-
plate, illustrated in Figure 7, guides the LLM to
identify participants and their roles within specific
historical contexts.

Entity Disambiguation and Resolution. A sig-
nificant challenge in processing ancient Chinese
texts is the multiplicity of names (e.g., courtesy
names/Zi, pseudonyms, and official titles). For in-
stance, "Cao Cao" is frequently referred to as "Cao
Mengde" or "Prime Minister Cao." To address this
ambiguity and ensure accurate entity alignment,
we employed an LLM to perform disambiguation
across all extracted historical figures. Specifically,
we sequentially input each entity mention into the
model, instructing it to normalize these diverse
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appellations into their corresponding canonical pri-
mary names based on historical knowledge.

Topology and Attribute Enrichment. We con-
structed the graph topology by treating entities
co-occurring in the same event record as con-
nected edges. To further enhance node semantics,
we performed entity linking with the China Bio-
graphical Database (CBDB). By aligning our ex-
tracted entities with CBDB records, we enriched
the nodes with verified biographical attributes (e.g.,
birth/death years, ancestral home), transforming
the graph from a simple interaction network into a
metadata-rich historical prosopography.

A.6.3 Visualization and Historical Analysis

To visually assess the efficacy of our model in cap-
turing historical prominence and structural relation-
ships, we applied GenNIE to estimate the impor-
tance scores of all 1678 historical characters in
the constructed graph. The resulting network vi-
sualization, generated using Gephi, is presented
in Figure 8. In this visualization, node size is
directly proportional to the predicted importance
score, and node color encodes the political faction:
Wei (Green), Wu (Orange), Shu (Blue), and Qun
(Purple), where Qun represents various indepen-
dent warlords and factions outside the three primary
kingdoms.

Community Structure and Factional Dynamics.
The visualization reveals a clear community struc-
ture consistent with the geopolitical landscape of
the era. The four color-coded factions form dis-
tinct, densely connected clusters, with significant
inter-factional edges illustrating the intense diplo-
matic and military interactions characterizing the
period. Notably, the Qun (Purple) faction appears
more dispersed around the periphery, reflecting the
fragmented nature of lesser warlords who were
gradually absorbed by the three major powers. A
striking observation is the disproportionate size of
the Wei (Green) community, which is significantly
larger and denser than the others. This topological
feature is historically grounded: Chen Shou, the
author of the Records of the Three Kingdoms, was
an official of the Jin Dynasty, which succeeded the
Wei regime. To establish political legitimacy, the
Jin court viewed Wei as the orthodox successor to
the Han Dynasty (Qiu, 2015). Consequently, the
historical records naturally contain a more exten-
sive and detailed chronicling of Wei figures and
events, leading to a richer representation in our

constructed graph.

Historical Prominence of Key Figures. The pre-
dicted importance scores accurately reflect histori-
cal consensus on key characters.

* The Three Founding Emperors: Cao Cao
(Wei, Green), Sun Quan (Wu, Orange), and
Liu Bei (Shu, Blue) emerge as the largest
hubs within their respective communities.
Cao Cao, the de facto founder of Wei, was a
brilliant strategist and statesman who unified
northern China. Sun Quan established a stable
regime in the Jiangdong region and reigned
for over half a century. Liu Bei, known for
his benevolence and persistence, founded the
Shu state in the southwest. Their paramount
node sizes in the graph perfectly align with
their foundational roles in history.

Dynastic Continuity: The high centrality of
successors such as Cao Pi (first emperor of
Wei) and Cao Rui within the Wei cluster indi-
cates the successful consolidation and transfer
of power within the Cao clan, further under-
scoring the stability and dominance of the Wei
regime.

This alignment between computational results and
qualitative historical knowledge demonstrates Gen-
NIE’s capability to extract and quantify latent his-
torical significance from unstructured texts.

A.6.4 Implications for Computational Social
Science

This case study demonstrates the transformative
potential of our proposed method in Computational
Social Science (CSS). By automating the extrac-
tion of structured knowledge from unstructured
classical texts and modeling them as quantifiable
networks, our approach empowers researchers to:

* Quantitatively Validate Historical Narra-
tives: Our method provides a data-driven
framework to statistically verify qualitative
historical consensus, such as the hegemonic
stability provided by central leadership fig-
ures like Cao Cao, transforming subjective
historical interpretation into rigorous empiri-
cal evidence.

* Uncover Latent Social Structures: Beyond
prominent leaders, our topological analy-
sis identifies "marginal figures"—individuals
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with sparse biographical records who never-
theless serve as critical structural bridges or in-
formation brokers in specific historical events,
revealing the hidden mechanisms of social
mobilization.

Decode Complex Geopolitical Dynamics:
By mapping the dense interactions within and
between factions, our framework exposes la-
tent patterns of political alliance and conflict
resolution that are difficult to discern through
close reading alone, offering a scalable lens
to study the evolution of power structures in
pre-modern societies.
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Task: Estimate the importance score (0-100) for nodes in a knowledge graph.

The importance score reflects how central or significant a node is in the graph.

Consider factors such as:

- Number and diversity of connections (degree centrality)

- Role as a hub or bridge between different domains

- Information richness and description quality

- Domain significance and general knowledge importance

- Position in the graph structure (central vs. peripheral)

IMPORTANT: The importance score must be a number between 0 and 100, with exactly 2 decimal places (e.g., 85.23, 42.67, 3.14).

Examples:

Example 1:

Entity: Barack Obama

Description: Barack Hussein Obama Il is an American politician who served as the 44th president of the United States from 2009 to 2017.

Reasoning: This is a highly prominent person (Barack Obama) with significant historical or cultural impact. Such entities typically have extensive connections in kno
wledge graphs, appearing in many relationships across different domains, which explains the high importance score.

Importance Score: 92.50

Example 2:

Entity: Machine Learning

Description: Machine learning is a method of data analysis that automates analytical model building.

Reasoning: This entity (Machine Learning) is important within its domain, with significant connections to related entities. It serves as a key node but may be more s
pecialized than the most central entities.

Importance Score: 75.30

Example 3:

Entity: Python Programming

Description: Python is a high-level programming language known for its simplicity and readability.

Reasoning: The brief description suggests this entity has limited information, which often correlates with moderate importance. It likely has some connections but is
not a central hub in the knowledge graph.

Importance Score: 58.70

Example 4:

Entity: Local Restaurant

Description: A small family-owned restaurant serving traditional cuisine.

Reasoning: The minimal description indicates limited information and connections. This entity likely represents a specialized or less prominent node with fewer relat
ionships in the graph.

Importance Score: 35.20

Example 5:

Description: A minor entity with limited connections in the knowledge graph.

Reasoning: The lack of a specific name and minimal description indicates this is a peripheral entity with very few connections. It may be a minor concept or entity w
ith limited relevance in the overall graph structure.

Importance Score: 12.80

Target Node:
Entity: Albert Einstein
Description: Albert Einstein was a German-born theoretical physicist who is widely held to be one of the greatest and most influential scientists of all time.

Neighbor Context:

This node is connected to 5 neighbor(s):

- Physics: The study of matter, motion, and behavior...

- Theory of Relativity: A fundamental theory in physics...

- Nobel Prize: An international award...

- Quantum Mechanics: A fundamental theory in physics...

- Princeton University: A private research university...

Note: The number and types of neighbors can indicate the node's connectivity and centrality.

Response Requirements: Please provide your response following the "Chain-of-Thought" process below:

Step 1: Topological Analysis Analyze the provided Neighbor Context. Does the node connect to diverse or high-value neighbors? Does it act as a hub or a bridge?
Step 2: Semantic Analysis Evaluate the Target Node's description. Is the entity fundamentally important in its domain? Is the description rich and informative?

Step 3: Synthesis & Scoring Combine the topological and semantic evidence. Compare this node to the examples provided to estimate its relative position.

Final Answer:

Reasoning: [Your step-by-step deduction based on the above 3 steps]

Importance Score: [The final score between 0.00 and 100.00, exactly 2 decimal places]

Figure 5: Ilustration of the Structure-aware CoT Prompt Design.
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{

“Year": "208 AD",

antear {required
“endvear”: { veqweu“ e, m be._disambiguated": false },

true, "to_be_disambiguated”: false )

0_be_disambiguated

true),
(0_be_disambiguated: true )
"to_be_disambiguated”: true J
red”. false, "to_be_disambiguated": true },
Zhou Yu', false, "to_be_disambiguatedtrue
20 tradingContent’” { "required": false, “to_be. disambiguated”: false }
“strategyType' *Fire At
“strategyContent’ ‘\mer\nckmg ships fire attack’, examples”™ [
“result’ "Successful”
startYear
endYear"
‘TradersA”:“China
“Mentor Friend Relation” majorPerson’: *Zhang Qian'
‘escription’ “Important mentorship relations, friendship relations, or acadernic exchanges, reflecting knowledge inheritance and interpersonal networks. majorPerson
arguments” majorPerson2
Year":{ “required”. true, "to_be_disambiguated” false } “Traders8
“personA':{“required: true, “to_be._disambiguated’ true )
“person": { "required”.true, "to_be_disambiguated true ),

relationType”: { "required” true, “to_be_disambiguated": false
“content ( equired": false, "to_be_disambiguated" false )
impact”: { “required". false, “to_be disambiguated”: false }

‘examples [

Year": "184 AD",

personA’: “Liu Bei",

personB”. “Guan Yu

“relationType”: "Sworn Brotherhood”,
‘content”: "Oath of the Peach Garden
“impact’: "Lifelong friendship”

s
“Year™: {“required
‘policyName’ { required
“implementer”: { "required” true,
region”: { "required". false, "to_be_disambiguated” false },
pohcyconlem {required

‘Countries in West Asia’

‘tradingContent: "Silk’
i

)
‘Agricultural Policy
description’ "Policy adjustments related to ancient agriculture, such as the Tuntian system (military-agricultural colonies), the Juntian system (equal-field
system), and other land and agricultural management syster:

true, "to_be disambiguated” false }.
true, "to_be disambiguated
t0_be_disambiguated

false, "to_be_disambiguated”

false },
required". fase, "to_be_disambiguated” false }

‘examples™: [

“Year" 196 AD"

“policyName’ Tunuan System

“implementer”; “Cao

“region”: "Xuchang’,

‘olicyContent’:“Miltary and civiian Tuntian

“effect": “Increased grain production”

Figure 6: Schematic overview of the Three Kingdoms Historical Event Extraction Ontology. The ontology is
structured hierarchically into eight primary domains: Politics, Character Interaction, Economy, Culture & Academia,
Military, Environment, Global Civilization, and Society. These domains further categorize specific historical event
types (e.g., Alliance Formation, Key Battle, Regime Change), defining the semantic scope and necessary arguments
(such as participants, temporal slots, and locations) required for structured event extraction from unstructured
historical texts.
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Please extract historical events from the following classical Chinese text of the Re /s of the Three Kingd( and return them in the specified JSON format. Note:
1.The event type must use one of the following types: {event_type_list}
2.Strictly adhere to the argument requirements in the ontology definition.
3.For classical Chinese content, argument values can be:
* Entities such as names, locations, and times found in the original text.
 Information inferred based on historical background and context.
« Content where classical Chinese concepts are translated into modern understanding.
4. Temporal information can be inferred as concrete years based on reign titles, header information, etc. (e.g., "Xingping 1st Year" can be inferred as 194 AD).
5.Use formal historical appellations for person names (e.g., Cao Cao, Liu Bei, Sun Quan, etc.; do not use titles such as "Taizu").
6.For mandatory arguments, if they cannot be inferred from the text or context, discard the event.

The output format must be entirely consistent with the example
Ontology Definition: {Ontology}
Example Format:
{
"doc_id": "sanguo_001",
text” "NFITER, KEBHRME, ¥, KERXE, KEEEE, EEZIl, BERRE, AMHTE, SAESEEHRK. B, fH%. 2B, SMEER KR, b
ERE. BB, REEPSNETHR, BAME. KMAHHKz, FRORESR, MESMER. "
“"events": [
{
“event_type": "SR,
"arguments".
"Year": "N ITE",
“location”: "#H
"majorPerson”: "
"majorPersonl1"
"participateA": "E1§",
“participateB": "Fgii"

"event_type": "EEIEMR",
"arguments"”: {
"startYear": "S¢EITE",

“participateA”: "E#",
“participateB": "Bgij"

"event_type": "BEXR",
"arguments": {
"Year": "3¥¢

“relationType": "&1E",
“content”: "SPERI",
“location”: "EBH"

}

Please return solely the extraction results in JSON format; do not include any additional content.

Figure 7: The instruction prompt template used for few-shot historical event extraction. The prompt includes
explicit extraction rules, placeholders for input text/ontology, and a concrete few-shot example to guide the LLM’s
output structure. Note: To ensure historical authenticity and preserve linguistic integrity, the classical Chinese text
within the example remains untranslated.
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Figure 8: Visualization of historical figure influence and factional structure in the Records of the Three
Kingdoms knowledge graph. Node sizes are proportional to the importance scores predicted by GenNIE, and
colors represent political factions: Wei (Green), Wu (Orange), Shu (Blue), and Qun (Purple). The graph topology
highlights the centrality of major leaders and the complex interplay between warring states.
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