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Abstract

Node importance estimation problem has been studied con-
ventionally with homogeneous network topology analysis.
To deal with network heterogeneity, a few recent methods
employ graph neural models to automatically learn diverse
sources of information. However, the major concern revolves
around that their full adaptive learning process may lead to
insufficient information exploration, thereby formulating the
problem as the isolated node value prediction with under-
performance and less interpretability. In this work, we pro-
pose a novel learning framework: SKES. Different from pre-
vious automatic learning designs, SKES exploits heteroge-
neous structural knowledge to enrich the informativeness of
node representations. Based on a sufficiently uninformative
reference, SKES estimates the importance value for any in-
put node, by quantifying its disparity against the reference.
This establishes an interpretable node importance computa-
tion paradigm. Furthermore, SKES dives deep into the under-
standing that “nodes with similar characteristics are prone
to have similar importance values” whilst guaranteeing that
such informativeness disparity between any different nodes
is orderly reflected by the embedding distance of their associ-
ated latent features. Extensive experiments on three widely-
evaluated benchmarks demonstrate the performance superi-
ority of SKES over several recent competing methods.

Introduction
Estimating node importance, as one of the classic prob-
lems in network science, founds various downstream ap-
plications, such as recommender systems, web information
search and retrieval, query disambiguation, and resource
allocation optimization (Zhang and Zhu 2019; Park et al.
2020; Zheng et al. 2021; Yang et al. 2022; Zhang et al.
2022a; Hu et al. 2020a, 2022, 2021b; Song, Zhang, and King
2023c; Chen et al. 2021; Fang et al. 2017; He et al. 2023b,a).
Traditional approaches revolve around the analyses of net-
work topologies, e.g., closeness centrality (Nieminen 1974),
degree analysis (Nieminen 1974), and PageRank method-
ologies (Page et al. 1999; Haveliwala 2003).

With the proliferation of heterogeneous information in
graph data, conventional methods focusing on topology
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Figure 1: An HIN example and SKES methodology.

analysis may thus fail to capture such diverse seman-
tic knowledge embedded. Heterogeneous Information Net-
works (HINs), which are essentially prevalent in various do-
mains including bibliographic information networks, social
media, and knowledge graphs, usually are composed of mul-
tiple typed nodes and edges. Notably, network heterogene-
ity leads to the variations of semantics and values in in-
terpreting node importance. This makes the studied prob-
lem more challenging on HINs than that on homogeneous
counterparts. We illustrate this by an HIN example of DBLP
network in Figure 1(a). The important values of authors,
papers, venues, and topics are indicated by their h-index
values, citation numbers, venue rank, and popularity (e.g.,
numbers of Web pages in Google), respectively. Despite the
network connection, adjacent nodes may have different in-
fluences on the importance value of the target node. For ex-
ample, authors and topics have different facets of contribu-
tions to the importance values of papers. Moreover, while
the scholar’s h-index values are often in [0, 350]1, the max-
imum paper citation number could be over 300,0002. This
shows that the importance value heterogeneity is essentially
influenced by semantic heterogeneity. Consequently, it be-
comes evident that both variations are inherently difficult to
be simply analyzed from homogeneous network topologies,
necessitating the exigency for new methodologies.

Related Works. Among a few recent attempts, methods
with Graph Neural Networks (GNNs) have emerged as a
promising direction (Park et al. 2019). Due to good knowl-
edge mining ability from high-order topologies, GNNs can
produce semantic enrichment to vectorized node represen-

1https://www.webometrics.info/en/hlargerthan100
2https://www.genscript.com/top-100-most-cited-publications.html
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tations benefiting downstream tasks (Chen et al. 2022a,b,
2023a; Yang et al. 2023a,b; Zhang et al. 2023b; Chen
et al. 2020). By incorporating specific designs for HINs,
GNN-based methods show the potential in dealing with in-
formation heterogeneity (Liang et al. 2023; Fu and King
2023), especially for node importance estimation. For in-
stance, GENI (Park et al. 2019) applies GNN and atten-
tion mechanism to aggregate the structure information for
node importance estimation. MULTIIMPORT (Park et al.
2020) improves GENI by using a variety of external input
signals. RGTN (Huang et al. 2021) utilizes both the net-
work structure information and nodes’ attributes for estimat-
ing the importance of nodes. However, all these works fo-
cus on solving the importance-based ranking problem, with-
out inferring the specific importance values. Recent work
HIVEN (Huang et al. 2022) considers the value heterogene-
ity of node importance in HINs by learning both local and
global node information. Nevertheless, the primary concern
lies in that HIVEN purely relies on GNNs for automatic
information aggregation but ignores the explicit structural
knowledge mining on HINs, making the model underper-
forming and less interpretable in importance calculation.

Our Contribution. We push forward the investigation
of node importance estimation over HINs by introducing a
novel learning framework, namely SKES (Deep Structural
Knowledge Exploitation and Synergy). SKES makes the
assumption that each node corresponds to a unique high-
dimensional feature distribution reflecting its essential char-
acteristics and knowledge to determine the node importance.
However, such feature distribution is unknown and agnostic
that can only be sampled and observed by certain empiri-
cal feature representations. These empirical representations
are expected to be as much informative with heterogeneous
knowledge as possible, so that the importance of each node
within the underlying HIN can thus be estimated from its as-
sociated feature representations. Then SKES transforms the
importance regression problem into quantifying the infor-
mativeness of these empirical node feature representations.
Underpinned by Optimal Transport Theory (Villani et al.
2009), our formulation eventually provides an effectual and
interpretable learning paradigm with theoretical guarantees.

Specifically, SKES consists of three progressive modules.
For each node, (1) Structural Priori Knowledge Exploitation
focuses on mining the intrinsic intra- and inter-node infor-
mation, i.e., centrality and similarity, from the given HIN,
providing the comprehensive coverage of structural knowl-
edge with diversity and heterogeneity. Then our (2) Syner-
getic Representation of Feature Distribution module learns
to empirically represent the node’s unique, complicated, and
high-dimensional feature distribution with adaptive hetero-
geneous knowledge synergy. Lastly, (3) we manually create
a random feature distribution as the reference, which func-
tions as the “coordinate origin” in the embedding space. Due
to the randomness, this reference is sufficiently uninforma-
tive. Then our Node Importance Value Estimation module
quantifies the informativeness of the input node by measur-
ing its distance against the reference in the latent sapce, and
transforms such measurement for node importance estima-
tion. Furthermore, anchoring on this reference, the estimated

importance values obey triangle inequality such that the in-
formativeness gap between different node pairs can also be
captured. This produces a fine-grained importance learning
framework, which is different from previous methods that
formulate the problem as the importance value prediction
for isolated nodes. We provide a high-level illustration in
Figure 1(b) and summarize our principal contributions as:

• To the best of our knowledge, we are the first to formulate
the HIN node importance estimation problem via quan-
tifying node feature informativeness with Optimal Trans-
port methodology, providing a novel and interpretable per-
spective to the related community.

• We propose SKES model with three effective modules that
operate progressively from structural knowledge exploita-
tion and synergy to node importance estimation.

• We conduct model evaluation on three real-world bench-
marks. Experimental results demonstrate the performance
superiority of our model against competing methods as
well as the effectiveness of each module contained therein.

Preliminaries and Problem Formulation
Definition 1: Heterogeneous Information Network (HIN).
It is a directed graph H = (V , E) with a node type mapping
function φ : V −→ A and an edge type mapping function
ψ : E −→ R, where A is a set of node types andR is a set of
edge types satisfying |A|+ |R| > 2.
Definition 2: Metapaths. A metapath P is with the form
A1

R1−→ A2
R2−→ · · · RH−→ AH+1 that defines on the node and

edge types, i.e., Ai ∈ A, Ri ∈ R. We omit the edge types
if they are unique between two connected node types, e.g.,
A1A2 · · ·AH+1. We call a path between nodes v1 to vH+1

a path instance of P , if ∀i, the node vi and edge ei = (vi,
vi+1) satisfy that φ(vi) = Ai and ψ(ei) = Ri.
Definition 3: 1-Wasserstein Distance. While Optimal
Transport (OT) is the problem of moving one distribution of
mass, e.g., P , to another, e.g., Q, as efficiently as possible,
1-Wasserstein distance is the derived minimum distribution
distance that is defined by the following formulation:

W (P,Q) = inf
f∈TP (P,Q)

∫
‖x− f(x)‖1dP (x), (1)

where the infimum is over TP (P,Q) that denotes all trans-
port plans. If a minimizer f∗ exists, it is thus the solution
to compute W (P,Q). For common one-dimensional distri-
butions, there is a closed-form solution to compute the op-
timal plan f∗ as f∗(x) := F−1P (FQ(x)); F is the cumula-
tive distribution function (CDF) associated with the under-
lying distribution. 1-Wasserstein distance satisfies positive-
definiteness, symmetry, and triangle inequality (Nietert et al.
2022; Korotin, Selikhanovych, and Burnaev 2023; Chen
et al. 2023c,b; Naderializadeh et al. 2021).
Problem Definition. Given an HIN H =(V , E) and the im-
portance values for a subset of nodes V ′ ⊂ V of some
given types A′ ⊆ A, we aim to learn a mapping function
g(·) : V → R that estimates the importance value of every
node of the given types A′ inH.
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Figure 2: The framework of our proposed model (best view in color).

SKES Methodology
Overview
We now formally introduce our SKES model (Deep
Structural Knowledge Exploitation and Synergy). To imple-
ment the mapping function g(·), the general framework of
SKES to estimate the node importance value is: given a ran-
dom distribution P0 representing the sufficiently uninforma-
tive reference, for each node vi ∈ V , we first learn to repre-
sent the high-dimensional feature distribution Pi for vi, then
the mapping function g(·) can be implemented as ∀vi ∈ V ,
g(vi) = g(W (P0, Pi)). As depicted in Figure 2, SKES com-
prises three progressively-operated modules.

Structural Priori Knowledge Exploitation
Acquiring informative structural knowledge is critical to es-
timating node importance. To achieve this in HINs, we adopt
the metapath-based methodologies (Sun et al. 2011) to first
obtain the underlying sub-networks as follows.

1) Metapath-induced Sub-network Construction. There
are limited but meaningful metapaths in HINs that describe
the meta information of HINs (Fu et al. 2020; Fu and King
2024). For the k-th metapath, the induced sub-network is de-
noted as Gjk = (Vjk , Ejk), such that Vjk contains all j-th typed
nodes and Ejk contains all the edges between nodes in Vjk ,
i.e., two nodes are linked in this sub-network if there is a
path instance of the metapath between them.

2) Priori Centrality and Similarity Embedding. After ob-
taining the induced sub-networks, we propose to extract
node pointwise centrality and pairwise similarity, which are
two essential network properties that reveal the intra- and
inter-node priori knowledge. Specifically, centrality mea-
sures generally are either defined based on network prop-
erties (Nieminen 1974; Hirsch 2005; Egghe et al. 2006;
Negre et al. 2018; Page et al. 1999; Dorogovtsev, Golt-
sev, and Mendes 2006), or designed based on the shortest
paths (Shaw 1954; Marchiori and Latora 2000; Sabidussi

1966). To fully capture the diverse information of the un-
derlying structures, we pre-process these popular centrality
measures to improve knowledge coverage. Detailed formu-
lations are listed in Appendix. Then each centrality value is
vectorized into 128-dimension via a two-layer perceptron.
We denote the embedding calculated from the l-th (l ranges
from 1 to L) centrality value of node vi by c

(l)
i,k.

While centrality reflects the property of a given node
oneself, similarity reveals the contrastive node informa-
tion compared to others. In this work, SKES embeds the
knowledge from the attribute- and topology-aware similar-
ity. Specifically, for each edge in the induced sub-network
Gjk, we assign the edge weight by the cosine similarity be-
tween the attributes of its two end nodes. Then we transform
the similarity matrix as the transition probabilities to com-
pute the node embeddings by adopting node2vec (Grover
and Leskovec 2016). To embed topology-aware similarity,
we directly follow PathSim (Sun et al. 2011) to calculate the
similarity of each node pair in Gjk and then take an analo-
gous embedding procedure via node2vec. Subsequently, we
take the summation of two corresponding embeddings, de-
noted by fatti,k and f topi,k of the node vi, and finally have the

similarity knowledge embedding as c(L+1)
i,k = fatti,k + f topi,k .

To summarize, centrality and similarity knowledge pro-
vides cohesive and complementary views of underlying net-
works, as each one of these measures usually represents a
specific perspective of structural information. As we will
show in experiments, they substantially boost SKES perfor-
mance and stabilize the model training.

Synergetic Representation of Feature Distribution
1) Heterogeneous Knowledge Aggregation. Since the pri-
ori centrality and similarity knowledge represents the node
information from different perspectives, we propose to syn-
ergetically fuse them for later representing the unknown
high-dimensional feature distribution. Concretely, for each
node vi, let α(l)

i,k denote the weighting coefficient of the l-
th centrality embedding and α(L+1)

i,k represent the coefficient
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of vi’s similarity embedding. We first derive the following
coefficient calculations with l ranging from 1 to L+ 1:

α
(l)
i,k =

1

|Gφ(vi)k |

∑
vi′∈G

φ(vi)
k

W1 tanh(W′
1c

(l)

i′,k + b1), (2)

where Gφ(vi)k denotes the induced sub-network. W1, W′
1,

and b1 are learnable parameters. These coefficients are
further normalized with the softmax function, i.e., α̂(l)

i,k =

exp(α
(l)
i,k)/

∑L+1
l′=1 exp(α

(l′)
i,k ). α̂(l)

i,k attentively contributes to
the k-th metapath derived knowledge embedding ei,k as:

ei,k =

L+1∑
l=1

α̂
(l)
i,kc

(l)
i,k. (3)

Besides, for each node vi, since different metapaths lead
to different sub-network extraction, we further adaptively
fuse embeddings from these different sub-networks contain-
ing vi as well. Similarly, the coefficient τi,k of vi induced by
the k-th metapath is defined as:

τi,k =
1

|Gφ(vi)k |

∑
vi′∈G

φ(vi)
k

W2 tanh(W′
2ei′,k + b2), (4)

where W2, W′
2, and b2 are learnable parameters. Similarly,

Eqn. (4) is further normalized across all other related coeffi-
cients as, τ̂i,k = exp(τi,k)/

∑Nφ(vi)

k′=1 exp(τi,k′). Nφ(vi) denotes
the number of metapaths starting from node type φ(vi). We
derive the aggregated embedding of ei as follows:

ei =

Nφ(vi)∑
k=1

τ̂i,kei,k. (5)

Given vi’s initial feature e′i and the learned knowledge em-
bedding ei, we obtain the aggregated representation xi by
concatenation (denoted as ||), i.e., xi = e′i || ei.

2) Empirical Representation of Feature Distribution. In-
tuitively, xi contains both the initial node features and re-
fined structural knowledge. We then adaptively learn the em-
pirical representations that are informative to represent the
unknown high-dimensional node feature distributions.

We achieve this by leveraging the self-attention mecha-
nism (Vaswani et al. 2017; Chen et al. 2022c). Specifically,
we extract hidden features from the input xi via implement-
ing M attention heads in each layer. We denote the hidden
feature of node vi learned by the r-th layer as h(r)

i . We fol-
low the conventional computation protocol to firstly obtain
d-dimensional query, key and value variables:
q
(r)
i,m = Wm

qryh
(r)
i,m, k

(r)
i,m = Wm

keyh
(r)
i,m, v

(r)
i,m = Wm

valh
(r)
i,m,

(6)
where q

(r)
i,m, k(r)

i,m, and v
(r)
i,m denote the m-th query, key, and

value vectors of vi at the r-th layer. Wm
qry , Wm

key , and
Wm

val are learnable weights. Then, the attentive coefficient
between nodes vj and vi is calculated as:

S
(r)
m (vj , vi) =

exp(q
(r)
i,mWψ(ej,i)

(k
(r)
i,m)T µ

ψ(ej,i)
√
d

)

∑
v
j′∈N(vi)

exp(q
(r)
i,mWψ(e

j′,i)
(k

(r)

j′,m)T µ
ψ(e

j′,i)
√
d

)

,

(7)
where ej,i denotes the edge from vj to vi, and Wψ(ej,i)

represents the learnable weight matrix of edge type ψ(ej,i).
µψ(ej,i) is the learnable magnitude for type ψ(ej,i) and N (i)

is the neighbor set of node vi. Then the embedding v
(r)
i,m is

updated via aggregating adjacent information as follows:
ṽ
(r)
i,m =

∑
vj∈N (vi)

S(r)
m (vj , vi)v

(r)
i,m. (8)

Let || denote the concatenation and Wout is a learnable
weight matrix. We finally complete the target feature rep-
resentation by iteratively updating from r = 1 to R− 1:

h
(r+1)
i,m = h

(r)
i,m + Wout ·

(
||Mm=1ṽ

(r)
i,m

)
. (9)

The output of Eqn. (9), i.e., hRi for brevity, is expected to
be empirically representative for the unknown node feature
distribution with heterogeneous knowledge synergy. We ex-
plain our implementation to estimate node importance via
mensurating the empirical distribution distances as follows.

Node Importance Value Estimation
As we mentioned earlier, notation Pi denotes the feature dis-
tribution associated with node vi. Since we use hRi to rep-
resent Pi, which is discrete, then its empirical CDF can be
defined as follows:

FPi(x) =
1

d

d∑
n=1

δ
(
x− hRi [n]

)
, (10)

where δ(·) returns 1 if the input is zero and 0 otherwise3.
hRi [n] is the n-th element. To explicitly measure the dis-
tribution distance, we propose to compare Pi with a fixed
random reference that functions as the “origin” in the em-
bedding space. Specifically, we introduce a reference dis-
tribution P0 with associated feature representation h0 ∈ Rd,
elements of which are uniformly sampled. Then the distribu-
tion distance between Pi and P0 can be explicitly measured
by 1-Wasserstein distance, i.e., W (P0, Pi).

As we have introduced in Preliminaries, W (P0, Pi) is
computed via implementing the optimal transport plan
f∗(x) := F−1Pi

(FP0
(x)). Based on the empirical CDFs of

P0 and Pi, we can quantitatively interpreted f∗(x) as:

f∗
(
x|hRi

)
= argminx′∈hRi

(
FPi(x

′) = γ
)
, γ = FP0(x).

(11)
Moreover, let π(x′|hRi ) denote the ranking of each input x′

in the ascending sorting of elements in hRi . We can further
achieve the following algorithmic implementation:

f∗
(
x|hRi

)
= argminx′∈hRi

(
π(x′|hRi ) = π(x|h0)

)
. (12)

Please notice that, the indicator π(·) can be actually pre-
processed via “argsort” to hRi and “sort” to h0, which essen-
tially permutes and encodes hRi via referring to h0. There-
fore, the resultant representation is denoted as h∗i :

h∗i = ||dn=1

(
f∗(h0[n]|hRi )− h0[n]

)
. (13)

h∗i ∈ Rd presents several desirable geometric properties, as
it can efficiently reflect the 1-Wasserstein distance between
distributions P0 and Pi as follows:
‖h∗i ‖1 ∝W (P0, Pi) and

∥∥h∗i − h∗j
∥∥
1
∝W (Pi, Pj). (14)

3Dirac delta function with
∫
δ(x)dx = 1 for continuous inputs.
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Dataset # Nodes # Edges # Node types # Edge types Target node Meaning # Node with Importance Range

MUSIC10K 22,986 80,272 4 8 Artist Familiarity 4,214 (18.3%) [0, 1]
Song Hotness 4,411 (19.1%) [0, 1]

TMDB5K 76,926 359,780 7 12 Movie Popularity 4,802 (6.2%) [-7.89, 6.77]
Director Box office 1,159 (1.5%) [0.021, 10.55]

DBLP 249,903 2,428,250 4 6 Author H-index 101,958 (40.8%) [0, 159]
Paper Citations 100,000 (40.0%) [0, 34191]

Table 1: Statistics of three datasets (MUSIC10K, TMDB5K and DBLP).

We attach the proof of Eqn. 14 in Appendix. h∗i naturally
inherit the relative order of the distance ranking with the the-
oretical guarantees. Based on h∗i , we finally implement the
importance estimation function g(·):

g(vi) = λ · h∗i , (15)
where λ is a learnable vector to provide better regression
capability. Obviously, for any node vi, its importance value
g(vi) is correlated with its distribution distance to the refer-
ence P0. We showcase and analyze its performance superi-
ority over competing methods in Experimental Evaluation.

Training Objective
We adopt the common regression loss with mean squared er-
ror between estimated and ground-truth importance values:

Lmse =
1

|A′|
∑
j∈A′

1

|Vj |
∑
vi∈Vj

(g(vi)− yvi)
2, (16)

where yvi denotes the ground-truth importance value of
node vi. Then the complete training objective is defined as:

L = Lmse + µ‖∆‖22. (17)
‖∆‖22 is the L2-regularizer of trainable embeddings and
variables to avoid over-fitting with the hyperparameter µ.

Experiments
We evaluate SKES with the research questions (RQs) as:
• RQ1: How does SKES compare to state-of-the-art meth-

ods on the tasks of node importance value estimation and
important node ranking?

• RQ2: How does our proposed design of knowledge syn-
ergy and measurement contribute to SKES performance?

• RQ3: How does other proposed components of SKES in-
fluence the model performance?

Experiment Setups
1) Benchmarks. We include three widely evaluated real-
world HIN datasets, namely MUSIC10K, TMDB5K, and
DBLP. Dataset statistics are reported in Table 1 and detailed
data descriptions are attached in Appendix.

2) Evaluation Metrics. For the node importance estima-
tion task, three metrics are applied for performance eval-
uation, including mean absolute error (MAE), root mean
square error (RMSE), and normalized root mean square er-
ror (NRMSE). The lower value of these metrics, the bet-
ter the model performance. On the importance-based rank-
ing task, we use normalized discounted cumulative gain
(NDCG) and Spearman correlation coefficient (SPEAR-
MAN), where a higher value indicates better performance.

3) Experimental Settings. In line with prior work (Park
et al. 2019; Huang et al. 2022), we perform five-fold cross
validation for testing and report the average performance.
For each fold, 80% and 20% of nodes with ground-truth
importance values are used for training and testing. 15%
of training nodes is used for validating. We select sym-
metric metapaths with lengths less than four. We imple-
ment SKES using Python 3.8 and PyTorch 1.8.0 on a Linux
machine with 4 Nvidia A100 GPUs and 4 Intel Core i7-
8700 CPUs. Following HIVEN (Huang et al. 2022), node
features are initialized from textual contents via sentence-
BERT (Reimers and Gurevych 2019). We set the learning
rate as 10−3 and train the model via Adam optimizer. Meta-
paths and hyperparameter settings are reported in Appendix.

4) Competing Models. We include three groups of exist-
ing models: (1) traditional network analytic methods, i.e.,
PageRank (PR) (Page et al. 1999) and personalized PageR-
ank (PPR) (Haveliwala 2003); (2) machine learning meth-
ods, i.e., linear regression (LR) and random forest (RF); (3)
neural network based models, i.e., GAT (Veličković et al.
2017), HGT (Hu et al. 2020b), GENI (Park et al. 2019), Mul-
tiimport (MULTI) (Park et al. 2020), RGTN (Huang et al.
2021), and HIVEN (Huang et al. 2022). Detail descriptions
are referred in Appendix.

Experimental Evaluation (RQ1)
1) Task of Importance Value Estimation. As shown in Ta-
ble 2, we observe that: (1) Compared to HGT, GENI, and
MULTI that mainly learn the graph heterogeneity, HIVEN
considers the degree centrality that showcases its usefulness
for estimating the node importance. (2) SKES further out-
performs the baseline methods with performance gains over
2.75%, 4.76%, and 1.20% in MAE, RMSE, and NRMSE on
three datasets. This demonstrates its effectiveness of struc-
tural knowledge exploitation and synergy for accurate esti-
mation of importance values. (3) For the target “Director”
type of TMDB5K, we observe a performance gap against
HIVEN with -2.19% of MAE. One explanation is due to
the data scarcity issue of “Director” for model training, i.e.,
1.5% shown in Table 1, as SKES may be under-trained to
produce sporadic inaccurate estimations. These “outliers”
may significantly influence MAE that considers the average
absolute difference between the predicted and actual values.
On the contrary, RMSE and NRMSE are less sensitive to
these outliers, providing a more objective evaluation by con-
sidering the magnitude of errors and reflecting the influence
of outliers less prominently. (4) Additionally, we conduct
the Wilcoxon signed-rank tests and the results show that all
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Method
MUSIC10K TMDB5K DBLP

Song Artist Movie Director Paper Author
M R N M R N M R N M R N M R N M R N

PR 0.460 0.489 0.633 0.540 0.563 0.596 2.517 2.771 0.448 0.499 1.005 0.155 2.293 3.244 0.352 1.728 1.894 0.467
PPR 0.460 0.490 0.633 0.540 0.563 0.596 2.512 2.771 0.448 0.499 1.005 0.155 2.293 3.243 0.352 1.173 1.894 0.467
LR 0.137 0.165 0.208 0.126 0.164 0.173 0.672 0.851 0.138 0.541 0.812 0.125 1.061 1.319 0.146 0.628 0.7657 0.204
RF 0.122 0.152 0.213 0.110 0.143 0.151 0.774 0.954 0.154 0.500 0.857 0.132 1.057 1.312 0.145 0.555 0.674 0.180
NN 0.127 0.155 0.200 0.111 0.143 0.151 0.720 0.889 0.144 0.402 0.801 0.124 1.042 1.297 0.141 1.133 1.402 0.153
GAT 0.126 0.156 0.205 0.109 0.140 0.149 0.635 0.808 0.131 0.415 0.753 0.116 0.991 1.240 0.143 0.492 0.606 0.153
HGT 0.129 0.160 0.207 0.118 0.145 0.154 0.581 0.764 0.126 0.352 0.681 0.105 0.996 1.248 0.135 0.514 0.629 0.158
GENI 0.131 0.158 0.200 0.121 0.155 0.158 0.594 0.748 0.121 0.347 0.677 0.104 1.006 1.259 0.145 0.493 0.607 0.154

MULTI 0.147 0.185 0.234 0.147 0.186 0.190 0.982 1.166 0.189 0.479 0.764 0.117 2.061 2.451 0.268 1.316 1.467 0.371
RGTN 0.123 0.155 0.216 0.111 0.143 0.153 0.624 0.798 0.182 0.316 0.557 0.093 0.990 1.240 0.136 0.496 0.613 0.155
HIVEN 0.122 0.152 0.209 0.102 0.132 0.144 0.523 0.664 0.108 0.268 0.539 0.084 1.024 1.283 0.141 0.507 0.620 0.151
SKES 0.106 0.137 0.177 0.099 0.126 0.133 0.509 0.667 0.106 0.274 0.507 0.083 0.940 1.179 0.130 0.462 0.571 0.143
Gain 15.09%10.94%12.99%3.03%4.76%8.27%2.75%-0.45%1.89%-2.19%6.31%1.20%5.32%5.17%3.85%6.49% 6.13% 5.59%

Table 2: Quantitative comparison on the importance value estimation task. Bold and underlined digits are the best and second-
best metric values (M, R, and N denote MAE, RMSE, and NRMSE, respectively).

Method
MUSIC10K TMDB5K DBLP

Song Artist Movie Director Paper Author
SP NDCG SP NDCG SP NDCG SP NDCG SP NDCG SP NDCG

PR 0.013 0.596 0.176 0.743 0.548 0.775 0.182 0.473 -0.104 0.331 0.443 0.916
PPR -0.020 0.581 0.188 0.732 0.707 0.846 0.195 0.489 0.051 0.333 0.453 0.913
LR 0.226 0.701 -0.037 0.645 0.669 0.858 0.393 0.672 0.312 0.538 0.2445 0.676
RF 0.461 0.797 0.441 0.783 0.590 0.854 0.333 0.484 0.325 0.615 0.396 0.759
NN 0.383 0.774 0.431 0.820 0.657 0.850 0.414 0.613 0.352 0.583 -0.002 0.399
GAT 0.408 0.786 0.481 0.830 0.728 0.867 0.660 0.794 0.401 0.597 0.491 0.922
HGT 0.342 0.753 0.448 0.810 0.758 0.892 0.301 0.463 0.426 0.644 0.458 0.857
GENI 0.402 0.793 0.485 0.784 0.753 0.895 0.678 0.851 0.412 0.602 0.491 0.923

MULTI 0.467 0.808 0.500 0.871 0.728 0.867 0.660 0.704 0.364 0.596 0.452 0.918
RGTN 0.414 0.787 0.486 0.853 0.682 0.901 0.623 0.822 0.438 0.643 0.488 0.907
HIVEN 0.480 0.814 0.544 0.885 0.793 0.910 0.701 0.862 0.404 0.612 0.459 0.913
SKES 0.565 0.865 0.602 0.894 0.823 0.942 0.680 0.847 0.483 0.674 0.589 0.925
Gain 17.77% 6.27% 10.66% 1.02% 3.78% 3.52% -3.00% -1.74% 10.27% 4.66% 19.96% 0.22%

Table 3: Quantitative comparison on the importance-based node ranking task (SP denotes SPEARMAN).

SPEARMAN NDCG Training Time/epoch (ms)
0.680→ 0.755 0.847→0.902 745→1,219

(+11.03%) (+6.49%) (+63.62%)

Table 4: Evaluation with the marginal ranking loss.

the improvements that SKES has achieved are statistically
significant with at least 95% confidence level.

2) Task of Important Node Ranking. We present eval-
uation results for important node ranking in Table 3 with
twofold discussions: (1) Our model generally presents per-
formance superiority over all baselines with 3.78%∼19.96%
and 0.22%∼6.27% of metric improvements, respectively.
This is intuitive as our model SKES, performing well for es-
sential importance value estimation task, thus naturally in-
herits to present a good capability for ranking. (2) For the
type “Director” of TMDB5K, SKES obtains the second-
best performance. Since our model incorporates more het-
erogeneous information, this implies that it may need more
training data for better knowledge learning and fusion.

One solution could be to supplement the original regres-
sion objective, i.e., MSE loss of Eqn. (16), by adding triplet

ranking objective, e.g., marginal ranking loss, as follows:
Lmrl = max

{
0,m+

(
g(vi)−g(v+)

)
−
(
g(vi)−g(v−)

)}
, (18)

where m is the margin. v+ and v− are two nodes that the
importance value gap between v+ and vi is larger than the
value gap between v− and vi. The general idea of Eqn. (18)
is to reduce the disparity between vi and its positive pair, i.e.,
v+, against its negative counterpart v−. We conduct exper-
iments on this case with results shown in Table 4. The ob-
servation indicates that supplementing the ranking regular-
ization of Eqn. (18) will boost the performance as expected.
With the performance increasing over 6.49%, our model also
surpasses HIVEN shown in Table 3. On the other hand, the
training time cost inevitably increases, which is a practical
trade-off to consider. Hence, in this paper, we mainly report
the results based on our original objective function and leave
the further design of learning frameworks as future work.

Study of Knowledge Synergy and Measurement
(RQ2)
1) Synergy of Structural Knowledge. To validate the con-
tribution of structural knowledge, we randomly disable the
knowledge proportion, i.e., c(l)i,k, from 0% (intact) to -80%.
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Figure 3: (1) Decreasing contribution of structural knowl-
edge; (2) curves of evaluation MAE (best view in color).

Variant Movie Director
MSE RMSE NRMSE MSE RMSE NRMSE

w/o WD 0.540 0.692 0.120 0.284 0.523 0.092
w/o λ 0.524 0.675 0.116 0.279 0.519 0.092
SKES 0.509 0.667 0.106 0.274 0.507 0.083

Table 5: Study of node importance estimation.

Our observations from Figure 3 are twofold: (1) From the
upper-row figures, we notice remarkable performance degra-
dations across three datasets, where DBLP presents a more
pronounced performance perturbation on MAE and RMSE
curves. This demonstrates the efficacy of our knowledge
synergy mechanism in identifying node importance, espe-
cially in larger HINs with diverse and complex structural
information. (2) We plot MAE curves for cases of keeping
intact, removing 40%, and removing 80% prior knowledge
in the first 500 training epochs on “Movie” of TMDB5K. As
shown in the lower-row figure, we observe that SKES pro-
duces much less bursting perturbations than the curves of re-
moving 40% and removing 80%. This implies that our imple-
mentation to adaptively fuse heterogeneous knowledge can
also help to stabilize the model performance.

2) Mechanism of Node Importance Estimation. To eval-
uate the effectiveness of our proposed importance estimation
method, we design two variants on TMDB5K. (1) Firstly,
we replace our original design with 1-Wasserstein distance
by simply utilizing a two-layer of MLP for node importance
estimation. We denote the variant as w/o WD. (2) Secondly,
we retain the measurement of 1-Wasserstein distance but
remove λ in Eqn. (15) for regression, denoted as w/o λ.
Results in Table 5 not only justify that integrating Optimal
Transport theory for importance estimation achieves better
performance (comparing w/o WD to w/o λ), but also prove
the simplicity yet effectiveness of non-linear value regres-
sion with learnable λ (comparing SKES to w/o λ). We fur-
ther visualize the absolute value gap between the ground
truth and estimated values of “Movie” nodes. To provide
a readable visualization in Figure 4, the curves are based
on averaged values with the rolling window as 10 nodes.
As the curve gets closer to the bottom, the value estimation
will be more accurate. The curves in Figure 4 indicate that

Node index

Va
lu

e 
G

ap

Node index

Figure 4: Absolute importance value gap (best view in color)

Variant Movie Director
MSE RMSE NRMSE MSE RMSE NRMSE

w/o NH 0.551 0.722 0.113 0.320 0.573 0.098
w/o ATT 0.544 0.696 0.118 0.319 0.549 0.096

SKES 0.509 0.667 0.106 0.274 0.507 0.083

Table 6: Ablation study of other module designs.

SKES consistently performs better than those two variants.

Ablation Study (RQ3)

1) Network Heterogeneity Learning. We adopt metapath-
based methodology to learn heterogeneity. To validate its
usefulness, we propose a variant w/o NH via directly treat-
ing input networks as homogeneous. From Table 6, we ob-
serve over 8.33% (MSE of “Movie” type) performance de-
cay on TMDB5K. This demonstrates the necessity of explic-
itly distinguishing the heterogeneity of node and edge types
for the node importance estimation task.

2) Self-attention in Synergetic Representation Learning.
We create a variant w/o ATT by disabling all designs in
Eqn’s. (6-9) and simply using ei to replace hRi for impor-
tance estimation. The empirical results between w/o ATT
and SKES in Table 6 clearly demonstrate that the self-
attention mechanism also work for our model to attentively
adjust the contributions for different sources of structural
prior knowledge in model learning.

Conclusion and Future Work

We propose a novel framework SKES for estimating HIN
node importance. SKES effectively leverages structural
knowledge to harness information synergy, providing a ro-
bust measurement of node importance. Our empirical model
evaluation on three public benchmarks demonstrates the per-
formance superiority of SKES against competing baselines.
As for future work, we identify two promising directions:
(1) It is worth investigating other Learning paradigm (Zhang
et al. 2022b, 2023c,a; Song, Zhang, and King 2023b,a; He
et al. 2023c) to further improve the quality of learned node
embeddings from heterogeneous information. (2) We also
plan to incorporate language/vision modeling (Qiu et al.
2022, 2021; Chen et al. 2022d; Li et al. 2022; Sun et al.
2022; Li et al. 2020; Hu et al. 2021a, 2023; Zhu et al. 2023)
as practical HINs may contain multi-modal information.
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