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ABSTRACT: Spectral clustering (SC) effectively captures non-convex and graph-structured cluster patterns, but
its application to large-scale attributed and heterogeneous graphs is hindered by the high costs of similarity graph
construction and Laplacian eigendecomposition, as well as by insufficient use of relation semantics. To address these
challenges, we propose Relation-aware Adaptive Anchor Spectral Clustering (RAASC). RAASC first identifies relation-
aware local components in relation-specific subgraphs and allocates anchor budgets according to component difficulty.
It then constructs an adaptive, load-aware sample-anchor graph by jointly considering node uncertainty, relation
compatibility, and anchor-load balance. Using the resulting sparse sample-anchor matrices, RAASC builds a compact
relation-aware reduced anchor graph and performs spectral learning, anchor-level discretization, and label recovery in
the anchor space. This design avoids full similarity graph construction and reduces the scale of eigendecomposition
while preserving heterogeneous structural information. Experiments on DBLP, IMDB, and OGBN-MAG show that
RAASC achieves the highest mean Accuracy (ACC), Normalized Mutual Information (NMI), and Adjusted Rand Index
(ARI) among the representative clustering and spectral clustering baselines. Efficiency and scalability results further
demonstrate that RAASC maintains practical runtime and memory usage on large-scale heterogeneous graphs and
achieves a 3.72-fold speedup using 16 workers.

KEYWORDS: Spectral clustering; anchor-based clustering; heterogeneous graphs; distributed clustering; large-scale
graph mining; reduced graph learning

1 Introduction

Spectral clustering (SC) [1] is a classical graph-based clustering paradigm that converts data clustering
into a graph partitioning problem. In this framework, data samples are represented as graph nodes, pairwise
similarities are encoded as edge weights, and the eigenvectors of the graph Laplacian are used to derive
a low-dimensional spectral embedding for partitioning. Compared with conventional methods such as
k-means [2], which often rely on convex cluster assumptions in Euclidean space, spectral clustering is
more capable of capturing non-convex structures, manifold patterns, and complex graph relationships,
and has therefore been widely applied to image segmentation, community detection, text clustering, and
bioinformatics [3]. However, real-world graph data are increasingly represented as large-scale attributed and
heterogeneous graphs, such as citation graphs, academic networks, social networks, and knowledge graphs.
In such graphs, node attributes provide semantic similarity, node types reflect entity-level heterogeneity, and
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relation types encode rich structural semantics. Directly collapsing different relations into a single homoge-
neous graph may obscure relation-specific structures, while constructing a full # x # similarity matrix and
performing Laplacian eigen-decomposition lead to prohibitive time and memory costs. Therefore, scalable
spectral clustering on attributed and heterogeneous graphs requires not only reducing the computational cost
of graph construction and eigen-decomposition, but also preserving relation-specific structural semantics
during graph reduction.

To improve scalability, representative large-scale spectral clustering methods mainly reduce the original
node-level graph through approximation. The Nystrom method approximates the full affinity matrix by
sampling a small subset of columns [4], while Large-scale Spectral Clustering (LSC) constructs a landmark-
based sparse representation to avoid full similarity matrix construction [5]. Divide-and-conquer Spectral
Clustering (DnC-SC) further improves landmark selection through a divide-and-conquer strategy and
approximate nearest-landmark search [6], and Robust and Efficient Spectral k-Means (RESKM) provides a
general acceleration framework for anchor-based spectral clustering [7]. These methods substantially reduce
the cost of spectral decomposition, but their anchors or landmarks are usually selected by global sampling,
geometric distances, or partition-based heuristics. As a result, relation types, node attributes, and relation-
specific local connectivity patterns are not explicitly used to guide anchor generation and sample-anchor
assignment. Moreover, most anchor-based methods connect each sample to a fixed number of anchors,
which may introduce unreliable links around ambiguous boundaries or density-imbalanced regions. Parallel
and distributed spectral clustering methods improve efficiency through parallel similarity construction,
distributed eigensolvers, and communication reduction [8,9], but they mainly focus on computational
parallelism rather than relation-aware reduced graph quality. Therefore, scalable spectral clustering for
heterogeneous graphs should not only reduce graph size, but also preserve relation-aware local structures
and adaptive sample-anchor connectivity.

Beyond scalable approximation methods, attributed multi-relational spectral clustering has also been
studied. SpectralMix jointly embeds graph structures, relation types, and categorical node attributes into
a unified low-dimensional space, showing that attributes and relation-specific structures should not be
collapsed into a single homogeneous graph [10]. However, SpectralMix mainly focuses on joint embedding
with categorical attributes and still relies on subsequent k-means clustering on the learned embeddings. It
does not explicitly address adaptive anchor construction, load-aware sample-anchor assignment, reduced
anchor-level spectral learning, or distributed scalability for large-scale heterogeneous graphs. Moreover, its
dependence on the conventional “embedding + k-means” pipeline indicates that relation-aware embedding
alone is insufficient to eliminate discretization loss or support efficient out-of-sample prediction. This issue
is related to another line of work on direct and inductive spectral clustering. Methods such as Direct
Spectral Clustering (DSC) [11], Unified One-step Multi-view Spectral Clustering (UOMvSC) [12], and Neural
Normalized Cut (NeuNcut) [13] have been proposed to reduce the discretization loss of the conventional
“embedding + k-means” pipeline or to improve out-of-sample prediction. Nevertheless, most existing one-
step or inductive methods are not specifically designed for large-scale attributed and heterogeneous graphs.
They often still depend on dense affinity graphs or centralized optimization, and insufficient attention has
been paid to relation-aware anchor construction, reduced anchor-level graph learning, and communication
constraints in distributed settings.

Another relevant line of research is deep graph clustering based on graph neural networks, graph
autoencoders, and contrastive representation learning. A recent representative method is Multiscale
Contrastive Variational Graph Autoencoder (MCVGAE) [14], which integrates a variational graph autoen-
coder with cluster-level and graph-level contrastive learning. By jointly refining node representations
and clustering-oriented graph structures, MCVGAE alleviates feature randomness, feature drift, posterior
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collapse, and the mismatch between inference and generative models, and achieves strong clustering perfor-
mance on attributed graphs. However, MCVGAE is formulated for a node-level adjacency matrix and learns
clusters through iterative encoder-decoder training. It does not explicitly preserve typed relations through
relation-specific anchor construction, nor does it reduce heterogeneous graphs to a compact anchor-level
spectral problem.

Despite these advances, existing methods do not jointly address relation-aware anchor construction,
adaptive sample-anchor connectivity, compact spectral learning with direct discretization, and distributed
or inductive inference at scale. To fill this gap, we propose Relation-aware Adaptive Anchor Spectral
Clustering (RAASC) for large-scale attributed and heterogeneous graph clustering. The main contributions
are summarized as follows:

+ Relation-aware adaptive anchor construction. RAASC generates anchors from relation-aware local
components and allocates anchor budgets according to component difficulty, improving the represen-
tation of dense, complex, and boundary-sensitive regions.

«  Adaptive load-aware sample-anchor assignment. RAASC determines node-specific anchor connections
based on local density, boundary risk, and assignment ambiguity, while using load control to reduce
unreliable and imbalanced assignments.

+  Relation-aware reduced spectral learning. RAASC constructs a compact reduced anchor graph from
relation-specific sample-anchor matrices and performs spectral learning in the anchor space, avoiding
full similarity graph construction and large-scale Laplacian eigen-decomposition.

o Anchor-level discretization and inductive label recovery. RAASC learns discrete labels on the anchor
graph and propagates them to original nodes through the sparse sample-anchor matrix; new nodes can
be labeled by anchor assignment without recomputing spectral decomposition.

The remainder of this paper is organized as follows. Section 2 reviews spectral clustering and anchor-
based spectral approximation. Section 3 presents the proposed RAASC framework and its complexity
analysis. Section 4 evaluates its clustering effectiveness, efficiency, scalability, robustness, and inductive
capability. Finally, Section 5 concludes the paper.

2 Preliminaries

2.1 Spectral Clustering

Spectral clustering formulates clustering as a graph partitioning problem. Given a target node set
V* = {v;}}_, a similarity graph is first constructed, where each node corresponds to one data object and the
edge weight measures pairwise similarity. Let W € R"*" denote the similarity matrix, where W;; represents
the similarity between v; and v;. The corresponding degree matrix is defined as D = diag (W1, ), where
1, is an n-dimensional all-one vector. The normalized graph Laplacian is given by L = I, — D™/2W D'/
where I, is the n x n identity matrix. Spectral clustering obtains a low-dimensional embedding by solving the
following trace minimization problem minyry.;, Tr (UTLU), where U € R"*F is the spectral embedding
matrix, and k is the number of clusters. The optimal U is given by the k eigenvectors associated with the
smallest eigenvalues of L. After obtaining U, conventional spectral clustering usually applies k-means to the
rows of U to obtain the final discrete clustering labels.

2.2 Anchor-Based Spectral Approximation

Anchor-based spectral approximation is commonly used to improve the scalability of spectral cluster-
ing. Instead of constructing the full similarity matrix W € R"*", a small set of anchors is selected to represent
the original target nodes. Let A = {ay, a5,...,a,}, m < ndenote the anchor set, where m is the number
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of anchors. Each target node v; € V* is connected only to a small number of anchors, producing a sparse
sample-anchor matrix B € R"*™ where B;; measures the assignment weight between node v; and anchor
aj. Usually, B;; = 0 if a; is not selected as one of the neighboring anchors of v; The row-wise normalized
assignment satisfies 7, B;; = 1. Based on B, the original node-level similarity graph can be approximated
by a much smaller anchor-level graph. A common reduced anchor graph can be written as S4 = BT D3'B
where Dp = diag (Bl,,) + €I, is the node-side degree matrix, and ¢ is a small positive constant used to
avoid zero diagonal entries. The degree matrix of the reduced anchor graph is D4 = diag (Sal,,) and the
1/ZSAD:/Z. Since Ly €e R™™ and m < n,
spectral decomposition can be performed on the reduced anchor graph rather than on the full node-level
graph. In this way, the main computational burden is shifted from the full similarity matrix W to the sparse
sample-anchor matrix B and the compact anchor graph Sy.

corresponding normalized anchor-level Laplacianis L4 = I,, - D ,

3 Proposed Method
3.1 Overview of RAASC

RAASC extends anchor-based spectral approximation to large-scale attributed heterogeneous graphs
by integrating relation-aware anchor construction, adaptive sample-anchor assignment, reduced spectral
learning, and inductive label recovery. Fig. 1 illustrates the data flow and intermediate representations of
RAASC, whereas Algorithm 1 summarizes the corresponding computational procedure. Given an attributed
heterogeneous graph, relation-aware local components are first identified to guide anchor generation.
Different from uniform anchor allocation strategies, the anchor budget is adaptively determined according
to the structural difficulty of local components, and representative anchors are selected by jointly considering
local density, boundary characteristics, and coverage information. Based on the obtained anchors, an
adaptive load-aware sample-anchor graph is constructed, where the number of connected anchors is adjusted
according to node uncertainty and the assignment process is regularized by relation compatibility and
anchor load balance. Finally, a compact relation-aware reduced anchor graph is constructed from sparse
sample-anchor matrices, and spectral learning is performed in the anchor space rather than the original
node space. The learned anchor-level labels are subsequently propagated to original nodes, enabling efficient
clustering and inductive inference for newly arriving nodes. Given an attributed heterogeneous graph
G=(V,E,X,R), RAASC aims to perform scalable clustering on the target node set V* ¢ V. Algorithm 1
summarizes the complete procedure.

Algorithm 1: Training and clustering procedure of RAASC

Input: Attributed heterogeneous graph G = (V, E, X, ¢, v), target node set V*, number of clusters k,
global anchor budget m.
Output: Cluster labels j for target nodes.

1 Construct relation-specific subgraphs {G, } .
2 Identify relation-aware local components {C, }, 5 in each G,
3 Calculate component difficulty scores and allocate anchor budgets m ¢ for retained components
4 Select relation-aware anchors A from each retained component using density, boundary, and
coverage-aware scores
For each target node v;:
Construct candidate anchor set );
Estimate node uncertainty U, and adaptive neighborhood size K;
Compute relation-compatible scores and update load-aware scores
Select top-K; anchors and construct sample-anchor matrix B

O 00 N O U

(Continued)
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Algorithm 1 (continued)

10 End for
11  Construct relation-specific matrices { B, according to relation support scores
reR
12 Build the relation-aware reduced anchor graph S, and Laplacian L ,
13 Perform distributed spectral decomposition on L , to obtain U ,
14  Generate anchor labels Y , using anchor-level discretization
15 Recover node-level soft labels: P = BY 4
16  Assign final cluster labels: y; = argmax, P;,
17 Return y
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Figure 1: Overall workflow of RAASC.
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3.2 Relation-Aware Anchorization

Relation-aware anchorization aims to generate a compact yet structure-preserving anchor set from
the input attributed or heterogeneous graph. Instead of treating the input graph as a single homogeneous
structure, RAASC identifies relation-aware local components in relation-specific subgraphs and uses them
as basic units for anchor allocation and anchor candidate selection. The anchors are subsequently generated
by considering the structural characteristics of these components, including their representation difficulty,
internal variation, and boundary complexity.

3.2.1 Relation-Aware Local Components

For each relation type r, a relation-specific subgraph is constructed by retaining only edges associated
with r. Formally, the relation-specific subgraph is defined as G, = (V,, E,), E,={(u,v) €E|y(u,v)=r}
where V, denotes the nodes involved in relation type r. Since a node may participate in multiple relation
types, it can appear in multiple relation-specific subgraphs. For each relation type r € R, the weakly

connected components of G, are denoted as C, = {C,1,C,2,...,C,;, }, where s, is the number of local
components under relation type r. The complete component set used for anchorization is then given by
C= ud,.

reR

Definition 1: (Relation-aware Local Component) Given a relation-specific subgraph G,, a relation-aware local
component C, ; is defined as a weakly connected component in G,. For any two nodes u,v € C, j, there exists a
weakly connected path between them using only edges of relation type r. This condition can be written as u, v €
C.j»3p, (u,v) € E,,where p, (u,v) denotes a weakly connected path between u and v in the relation-specific
subgraph G,.

It should be noted that relation-aware local components are not regarded as final clusters. Instead,
they serve as structural units for anchor budget allocation and anchor candidate generation. A node may
participate in multiple relation-specific components if it is involved in multiple relation types. Therefore,
for each node v, its component membership set is defined as ['(v) = {C € C | v € C}. When clustering is
performed on a target node type, only target-type nodes are considered as anchor candidates, while auxiliary-
type nodes are retained for preserving relation-aware connectivity. Let V* € V denote the target node set.
The anchor candidate set associated with component C is defined as A(C) = C n V*. If all node types are
involved in clustering, then V* = V and A(C) = C.

3.2.2 Component Difficulty and Anchor Budget

After relation-aware local components have been obtained, the global anchor budget is allocated
according to the difficulty of each component. Uniform allocation may assign excessive anchors to simple
regions while insufficiently representing complex regions. Therefore, the difficulty of each component is
evaluated from three aspects: component size, internal structural variation, and boundary complexity.

Let C be the set of relation-aware local components defined in Section 3.2.1. Since some components
may contain no target nodes or may be too small to provide reliable anchor candidates, RAASC first
constructs a retained component set C* = {C € C | A(C) # &, | A(C)| = #imin }, where A(C) denotes the
anchor candidate set in component C, and np,;, is the minimum candidate size threshold. Components
excluded by the threshold n;, do not receive separate anchor budgets. Their nodes and edges are
nevertheless retained in the relation-specific subgraphs and may obtain candidate anchors from adjacent
retained components during sample-anchor assignment. For each retained component C € C*, the number

of candidate nodes is defined as n(C) = |.A(C)|. The normalized component size is defined as 7(C) =
n(C)

oo (@Y Since component difficulty is determined by both attribute diversity and relation-specific
C’e
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structural diversity, node representations combining semantic and structural information are constructed.
Specifically, the structural sketch of node v; is defined as the logarithmic degree profile over different

T
relation types q; = [log (1 + df”)) ,...,log (1 + di(r'R))] where d'” denotes the degree of node v; under

relation type r. The logarithmic transformation is adopted to reduce the influence of high-degree nodes. The
structural sketch preserves relation-specific connectivity patterns and avoids collapsing different relations
into a single degree value. The attribute vector and structural sketch are normalized separately, and the final
representation is constructed as z; = [Ei;ﬁ i] where X; and g, denote the normalized attribute and structural
representations, respectively. Based on the node representation z;, the internal variation of component
C is measured by the average distance between nodes and the component centroid pc = ﬁ YovieC Zis

Var(C) = ﬁ Y.ec |zi — pcl3- A larger variation indicates that more anchors are required to represent

diverse structures within the component. The normalized internal variation is
Var(C)

ZCIEC+ Var (C’) + &

Var(C) = (1)

Besides internal variation, components with complicated boundaries require additional anchors to

preserve transition structures. Let E;, (C) and E,y(C) denote internal edges and boundary-crossing edges,
|Eout (C)]

el . . . . |Ei11(c)|+|Eout(C)‘ +€ . ]

complexity indicates stronger interactions between the component and surrounding regions. Its normalized

form is

respectively. The boundary complexity is defined as Boundary(C) = . A higher boundary

Boundary(C)
> crec+ Boundary (C7) + €

Boundary(C) = (2)

The three factors are normalized and integrated to obtain the component difficulty score
A(C) = a,#(C) + &, Var(C) + a,Boundary(C) + ¢ where a,,a,,a; >0 and a«, + &, +a, =1. A larger
A(C) indicates that the component is more difficult to represent and therefore requires more anchors. Based
on the difficulty score, the initial anchor budget assigned to component C is calculated as

m(co) = max(l, {M%J) (3)

Since the floor operation may cause the total number of allocated anchors to deviate from the
predefined budget m, a budget correction procedure is applied to ensure that the final allocation satisfies
Y cec+ mc = m. If the total budget is smaller than m, the remaining anchors are assigned to components with
the largest fractional residuals of their continuous budgets. If the total exceeds m, anchors are removed from
components with budgets larger than one, starting from those with smaller difficulty scores. This procedure
continues until the corrected budgets m¢ sum to m. The feasibility of the corrected anchor allocation is
theoretically guaranteed, and the proof is provided in Lemma 1.

Lemma 1: (Anchor Budget Feasibility) Given the retained component set C* and the total anchor budget
m, if m >|C*|, then the budget correction step produces a feasible allocation {m¢c|CeC*} satisfying
YcectMc=m, mc21

Proof: The initial allocation guarantees m(co) >1 for each retained component due to the lower-bound
operation. If the total initial budget is smaller than m, the correction step only increases the budgets of
selected components, and therefore the lower-bound constraint is preserved. If the total initial budget
is larger than m, anchors are removed only from components whose current budget is larger than one,
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so no component budget can become smaller than one. Since m > [C*|, at least one feasible allocation
exists in which each retained component receives one anchor. By repeatedly adding or removing anchors
until the total budget equals m, the corrected allocation satisfies both the total budget constraint and the
component-wise lower-bound constraint. O

3.2.3 Core-Boundary-Coverage Anchor Selection

A single criterion is insufficient for anchor selection in heterogeneous graphs because dense regions,
ambiguous boundaries, and sparsely represented regions require different types of representatives. To obtain
a more balanced representation, a core-boundary-coverage strategy is adopted. Specifically, core anchors are
used to represent dense and stable local regions, boundary anchors are used to preserve ambiguous transition
areas between components, and coverage anchors are used to prevent sparse or under-represented regions
from being ignored.

Local density is used to identify representative nodes in stable internal regions. To estimate the local
density, the pairwise similarity between neighboring nodes is first calculated based on their representation
distance. For each candidate node v; € A(C), its neighborhood is constructed by retrieving the x-nearest
target nodes in the representation space z;. The similarity between neighboring nodes is measured by a

_lzi—zl3
202

neighbors. The local density of v; within component C is then calculated as Denc (v;) = 2N, (v A(C) Wij-

Gaussian kernel w;; = exp ) where o, is determined according to the median distance among local

To make the density term comparable across nodes in the same component, it is normalized as Denc (v;) =
Denc(vi)

max, ¢ 4(c) Denc(v;)+e”

therefore receive higher priority as core anchors.

Nodes with higher density are more likely to represent stable local structures and

Density-based selection alone may overlook transition regions between different components. To
preserve ambiguous structures, boundary risk is introduced to measure whether a node is close to relation-
ZVjENx(V,‘) l(vf¢c)wij

Ly jeNe(v;) Wiste
that the node has stronger interactions with neighboring components and is therefore valuable for preserving

structural transitions.

aware component boundaries. It is defined as BR¢ (v;) = . A larger boundary risk indicates

In addition to core and boundary information, coverage is considered to avoid selecting anchors that
are concentrated in limited regions. During the greedy selection process, candidates that are far from already
selected anchors are preferred. Let A(Ct) denote the anchor set already selected from component C after ¢

iterations, A(Ct) # &, the coverage score of candidate node v; is defined as

minaleA(C:) ”Z,' —Z] HZ

(4)

Covc (v,-;A(Ct)) = -

maxvqu(c) mlnaleA(C:) ”Zq =2 ||2 + €
where z; and z; are the node representations of v; and anchor a;, respectively. This term assigns a higher score
to candidates that are far from the already selected anchors, thereby improving the coverage of the anchor

set. If no anchor has been selected yet, the coverage score is initialized by the distance to the component
centroid

lzi — pcl2
max, cacc) |zq = pcll + €

Covc (vi; @) = (5)

where p is the centroid of component C, as defined in Section 3.2.2.
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The final anchor selection score, combining the above three terms, is

Scorec (vi;A(Ct)) = BaenDenc (v;) + BraBRe (vi) + BeovCove (Vi;A(Ct)) (6)

where the balancing coefficients satisty Pden + Bbd + Beov = 1, Bden> Bbd> Beov 2 0. At each iteration,
the candidate with the highest score is selected as the next anchor according to a(cm) =
argmax

a(ct+1)

1/!IEA(C)\A(CQScorec (v,-;A(Ct)). The component-level anchor set is then updated as A(Ct“) = A(Ct) U

}. This greedy selection process is repeated until |[Ac| = mc. After the process terminates, the

selected anchor set of component C is denoted by A¢, and the component-anchor mapping is recorded as

M4(C) = Ac. The final anchor set generated from all retained components is A = Y M4 (C). If the same
eCt

node is selected by multiple relation-aware components, RAASC keeps it as a single anchor and records its
multiple component memberships. If duplicate removal causes the total number of anchors to be smaller
than the global budget m, additional anchors are selected from the remaining candidates with the largest
component-level scores.

3.3 Adaptive Load-Aware Sample-Anchor Graph

Nodes located in dense and stable local regions can usually be represented by only a few nearby anchors,
whereas nodes located near relation-aware boundaries or in low-density regions may require more anchors
to avoid unreliable assignment. Therefore, RAASC constructs an adaptive load-aware sample-anchor graph,
where the number of connected anchors is determined according to node uncertainty and the assignment
process is further regularized by relation compatibility and anchor load.

3.3.1 Adaptive Neighborhood Sizes

Since anchors have been selected according to relation-aware local components, nodes are first con-
nected to anchors belonging to their associated components. For node v;, the preliminary candidate anchor
set is obtained from anchors selected in its associated relation-aware components, as

(0)
Q7= u My(C 7
! Cel' (v;) 4(C) @
where T (v;) is the component membership set of v;, and M4(C) denotes the anchors selected from
component C. Therefore, adjacent components are identified according to the overlap between compo-
nent neighborhoods and the local x-nearest neighbors of v;. The adjacent component set of node v; is
defined as {C" € C*\I' (v;) |C' n N (v;) # @}. Thus, a retained component is adjacent to v; if it contains
at least one node in the x-nearest-neighbor set of v;. The boundary-anchor candidate set is constructed
as KNN K max (Vi; ( Y ( )MA (C’)) \Ql(.o) where (KNN K max (v;, -)) retrieves at most Ky,,x nearest
C’eA J Vi

anchors according to Euclidean distance in the node-representation space. The complete candidate anchor
set is then ng) u QP4 If Adj (v;) = @, then Q% = @. If |Q;] < Kinin, the candidate set is supplemented with
globally nearest anchors from A\Q; until at least Kp,;, candidates are available.

Since nodes with different structural characteristics require different numbers of anchors, the assign-
ment uncertainty of v; is estimated by local density, boundary risk, and anchor ambiguity. The local density
is defined as p; = maxccr(y,) Denc (v;), where Denc (v;) is the normalized component-wise density defined
in Section 3.2.3. The boundary risk is BR (v;) = maxXccr(y,) BRc (vi). Let dfl) and di(z) be the smallest and

second smallest distances between v; and anchors in QSO), respectively. The anchor ambiguity is defined as
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. d®—q® . o .
AA (v;) = dlip (1 o, 0 1). A larger ambiguity value indicates that the nearest anchors have similar
i €

distances to v;, making the assignment less certain.

Definition 2: (Adaptive Neighborhood Size) Given the p;, BR (v;), and AA (v;), the uncertainty score of
node v; is defined as U; = 17, (1-p;) + npBR(v;) + 1, AA (v;), where 11, + 1y + 1o = 1, 1,5y, Ha > 0. The
preliminary adaptive neighborhood size is denoted by K; = dlip (Kmin + | (Kmax = Kmin) Ui | » Kinin> Kimax)-
Considering the number of available candidate anchors, the neighborhood size actually used by RAASC is K; =
min {fi, \Q,-|}. Here, Knin and K.y are the minimum and maximum numbers of anchors allowed for each
node. Thus, dense internal nodes with low uncertainty tend to connect to fewer anchors, while boundary or
ambiguous nodes are assigned more anchors to reduce unreliable hard assignments.

Proposition 1: (Sparsity Bound) For the sample-anchor matrix B constructed by RAASC, if each node v; is
connected to K; anchors and Kyin < K; < Kpay, then nKpiy < nnz(B) = Y7, K; < nKpay.

Proof: Each node v; contributes exactly K; nonzero entries to the sample-anchor matrix B. Since
Kmin < K; < Kinax holds for every node, summing over all n nodes gives Y7 Kuin < X in; Ki € Y71 Kinaxo
which is equivalent to #nKpyin < nnz(B) < nKpyax. Thus, the number of nonzero entries in B is linearly
bounded by the number of nodes, and the constructed sample-anchor graph remains sparse. O

3.3.2 Relation-Compatible Anchor Scoring

For each candidate anchor a; € Q;, RAASC computes a relation-compatible score by jointly considering
attribute similarity, structural similarity, relation compatibility, and cross-component reliability. The attribute
similarity is defined as

lxi = x4, 13
sim (v,-,aj) = exp (_1—2%2) (8)
o
f
where x; and x,, denote the attribute vectors of node v; and anchor a;, respectively. Suppose g; and q,
are the relation-wise logarithmic degree profiles defined in Section 3.2.2, then structural similarity can be
obtained from

)

2
05

J— 2
simg (Vba]‘) = exp (—M)

Relation-aware compatibility is measured by the overlap between the relation-aware local-component
membership sets of node v; and anchor a j»as follows:

_ Il (v;)nT (aj)|
T (vi)uT(a;)|+e

sim, (vi, a]-) (10)

A larger sim, (Vi,aj) indicates that v; and a; are supported by more shared relation-aware local
components. In addition, a cross-component penalty, as shown in (11), is introduced to prevent internal
nodes from making unreliable assignments to anchors outside their own components.

CP (vi,a;) = (1-BR(v;)) - 1(T (v;) nT (a;) = @) an

here, BR (v;) is the boundary risk. Cross-component allocation is heavily penalized when v; is an internal
node with a low boundary risk. Conversely, the penalty is reduced when v; is close to a relation-aware
boundary, so that necessary cross-component anchors can still be taken into account.



Comput Mater Contin. 2026;89(3):32 1

Based on these terms, the relation-compatible score between node v; and anchor a; is defined as
sij = Agsimy (v,-, a]-) + A simy; (v,-, aj) + A,sim, (v,-, a]-) -A.CP (v,-, aj) (12)

where Ag, Ag, Ar, A 2 0 are balancing parameters. The four terms are assigned equal importance in the
implementation A = A; = A, = A = 0.25. Thus, s;; jointly measures attribute similarity, structural similarity,
relation compatibility, and cross-component reliability without using ground-truth labels. However, using
si; alone may over-assign nodes to a few high-density anchors. Therefore, RAASC further introduces a
load-aware penalty to balance anchor coverage during assignment.

Target nodes are processed in ascending node-ID order. After node v; is assigned, the loads of its selected
anchors are updated immediately. If multiple anchors have identical load-aware scores, the anchor with the
smaller ID is selected first. Let V(") denote the set of nodes that have already been processed before the
current assignment step t. The current load of anchor a; is defined as load" (aj) =Y evml (aj € A,»),

where A; is the selected anchor set of node v;, and 1(.) is the indicator function. The average anchor load

— ()

at step t is computed by load E X load " (a j), where m is the total number of anchors. Based on

load(t)(aj)
Toad "+

a small positive constant used to avoid division by zero. If the load of a; is not larger than the average load,
then LP(") ( ) = 0, which means that no penalty is imposed. If a; is overloaded, then Lp(®) ( ) >0, and

the penalty increases with its relative overload degree. The load-aware score is then adjusted as s( ) =g i—

the current load, the load penalty of anchor a; is defined as Lp() (a j) = max (O, - 1), where ¢ is

uLp(®") (a j), where y > 0 controls the strength of load regularization. A larger y encourages more balanced
anchor assignments, while a smaller y makes the assignment rely more on the original relation-compatible
score s;;.

Lemma 2: (Load-aware Preference) For two candidate anchors aj and a,, if they have the same relation-
compatible score for node v;, i.e., s,] = s;; and their current loads satisfy load® ( ) <load® (ay), then the

load-aware scores satisfy s( ) > 5 prowded that the load penalty is monotonically nondecreasing with respect
to anchor load.

Proof: According to the definition of LP(*) (a j), the load penalty is a nondecreasing function of load " (a j).
Therefore, load") (a;) < load (a;) implies LP(") (aj) < LP() (a;). By the definition of the load-aware
score, we have s"(J) =sij— yLP(t) ( ) and 5(1 =8 — yLP(‘) (a;). Sinces;; = s;;, the difference between the
two load-aware scores is s( ) (t) =y (LP(t) (a;) - LPW (a;)). Because y > 0 and LP®) (a;) > LP() (a)),

ij
it follows that sg) (t) > 0. Thus sl(]t) > s(t).
3.3.3 Sparse Sample-Anchor Matrix

For each node v;, the top-K; anchors A; = TopKy, ({51(;) |aje Qi}) are selected from its candidate

anchor set Q); according to the load-aware scores, where A; € A and |A;| = K;. Let 0; be the local scaling
parameter for node v;. The sample-anchor weight B;; is computed by a normalized exponential function as

exp (s”f?)/o',-)

Bij = 2ajea,; exp( il /‘71)
0, aj ¢ Aj.

> ajEAi)

(13)
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where 0; > 0 is a fixed temperature parameter controlling the sharpness of the soft assignment. Since each
node is only connected to K; anchors, B is a sparse matrix with row-wise normalized weights. Therefore, for
each node v;, the following condition holds Z;’il B;;j = 1. This means that each row of B can be interpreted as
a soft assignment distribution from one node to its selected anchors. Compared with hard assignment, this
soft weighting strategy preserves the relative importance of multiple anchors, which is especially useful for
nodes located near relation-aware boundaries.

For relation-aware reduced graph construction in Section 3.4, relation-specific sample-anchor matrices
can be derived from B. Let {C € C, | v € C} denote the component membership set of node v under relation

type r. For each selected node-anchor connection v; and aj, its support under relation type r is measured
() (a)
|F (vi)UT, (uj)|+
multiple relation types obtain the same maximum support score, the relation type with the smaller relation

. The relation type associated with the connection is then determined as argmax h( 0If

ID is selected. The entries of the relation-specific sample-anchor matrix B, are consequently defined as

_ B,‘j, r= 7";,
B, = {O, other’Jwise. (14)

Under this assignment rule, each nonzero sample-anchor connection is associated with exactly one
relation type, and the following consistency condition holds },.x B, = B. The resulting sparse matrix B
is the final output of the adaptive load-aware assignment stage and is used for node-level label recovery.
The relation-specific matrices {B,},. are subsequently used to construct the relation-aware reduced
anchor graph.

3.4 Relation-Aware Reduced Spectral Learning
3.4.1 Relation-Aware Reduced Spectral Core

RAASC builds a reduced graph over anchors rather than directly performing spectral learning on
the original node-level graph. For each relation type r € R, let B, e R"*™ denote the relation-specific
sample anchor matrix defined in Section 3.3.3. The corresponding node-side degree matrix is defined as

D, = diag (B,1,,) + €I, where 1,, is an m- d1mens1onal all-one vector, I is the identity matrix, and ¢ is a
small positive constant used to avoid zero diagonal entries. The relation-specific anchor graph is computed
by Sgr) = BID;'B,. Then, all relation speciﬁc anchor graphs are fused into a relation-aware reduced anchor
graph S4 = ¥, .x w,B'D;'B, = ‘R‘ Y ,cr BID;'B, where w, > 0 is the weight of relation type r. Because no
prior preference among relat1on types is assumed the relation-aware reduced anchor graph is the average
of all relation-specific anchor graphs. The degree matrix of the reduced anchor graph is defined as D4 =
diag (S41,,), and the normalized anchor-level Laplacian is given by Ly =I- D, g D;l/ ?, where Ly ¢
R™>m,

Lemma 3: (Positive Semidefiniteness) If Sa is symmetric and nonnegative, then the normalized anchor
Laplacian L4 is positive semidefinite.

Proof: For any vector f e R™, let g= D;l/zf. Then, fTLaf = fT (I— D:/ZSAD::/Z)f, which can be
rewritten as f1Laf = g7 (D4 — Sa) g. Since S, is symmetric and nonnegative, the quadratic form of the
graph Laplacian satisfies g* (D - S4) g = 3 Y12, Y Saij (gi- gj)2 > 0. Therefore, fTLf > 0,forany f €
R™, which proves that L, is positive semidefinite. O

The spectral embedding of anchors is obtained by solving the following constrained trace minimization
problem mingry, -, Tr (UXL A UA), where Uy € R"™** denotes the anchor-level spectral embedding, and



Comput Mater Contin. 2026;89(3):32 13

k is the number of clusters. Equivalently, U4 can be obtained from the k smallest eigenvectors of Lg:
LaUys = UsA,, where Ay € RFK s the diagonal matrix of the selected eigenvalues. Specifically, anchors are
sorted by global anchor ID and divided into P,, contiguous, non-overlapping blocks, one per worker. Each
worker stores the rows and columns of S4 and L4 associated with its local anchor block. The k eigenvectors
corresponding to the smallest eigenvalues of L 4 are computed using a distributed block LOBPCG eigensolver.
The initial block vectors are sampled from a standard Gaussian distribution using the random seed of the
corresponding experimental run and are orthonormalized before the first iteration. The solver terminates
when the relative residual norm falls below the convergence tolerance ¢, or when the number of iterations
reaches the maximum value T,. The numerical settings of the eigensolver are described in Section 4.1.3.
The set of cross-worker anchor edges is defined as ES" = {(ai, aj)|a; € AP aie AW p+ q}, satisfying
Sa,ij # 0. In each iteration, only the embedding vectors associated with cross-worker anchor edges need to
be exchanged.

Theorem 1: (Communication Cost Bound) Assume that the distributed eigensolver runs for T, iterations,
the embedding dimension is k, and the reduced anchor graph is distributed across P, workers. Then the
communication cost of the distributed spectral core is bounded by O (T, (k|ES™| + k*log P,, ) ), where |ES™| is
the number of cross-worker anchor edges.

Proof: In each eigensolver iteration, sparse matrix-vector multiplication requires exchanging k-dimen
sional embedding vectors along the cross-worker anchor edges. Therefore, the communication caused by
boundary vector exchange is O (k|ES"!|). In addition, orthogonalization and small projected eigenproblem
updates require collective synchronization among workers. The communication cost of this step can be
written as O (k?log P, ). Thus, the communication cost of one iteration is O (k|ES™| + k*log P, ). After T,
iterations, the total communication cost is O ( T, (k|ES"| + k*log P,,)). O

3.4.2 Anchor-Level One-Step Discretization

Let Yy ¢ {O,I}ka denote the anchor-level discrete label matrix, where each row corresponds
to one anchor and each column corresponds to one cluster. The one-hot assignment constraint
is given by Yuly =1,, where 1; and 1, are all-one vectors with dimensions k and m, respec-
tively. To account for cluster-size normalization, the normalized discrete indicator matrix is defined

-1/2
as Fy =Y, (YAT YA) / . Then the anchor-level discrete objective is formulated as miny,ey J (Y4) =
Tr (F};LAFA) where ) = {YA € {O,I}ka | Yalg =1, Y11, > O}. Here, Y,/ 1,, > 0 ensures that each cluster
contains at least one anchor. This objective directly minimizes the normalized cut on the relation-aware
reduced anchor graph.

The initial anchor labels are obtained by applying k-means to the rows of U,. Starting from this
initialization, anchors are visited in ascending anchor-ID order and their labels are refined sequentially
according to the reduced normalized-cut objective. For anchor a;, let Yf—w) denote the label matrix obtained
by assigning anchor a; to cluster ¢ while keeping other anchor labels fixed. The label of a; is updated by

,,,,,

of cluster c;. One complete visit to all anchors is regarded as a refinement sweep. A candidate label change
is accepted only if it strictly decreases the objective; otherwise, including the case of equal objective values,
the current label is retained. The theoretical refinement procedure continues until a complete sweep accepts
no label change. In the practical implementation, the procedure is additionally terminated when the relative
objective decrease is smaller than 10 or when 20 sweeps have been completed. These practical stopping
criteria limit the computational cost without affecting the monotonicity of the accepted updates, while the
local-optimality guarantee in Theorem 2 applies to the uncapped refinement procedure terminated by a
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no-change sweep. This refinement step directly updates the discrete anchor labels according to the reduced
graph objective, rather than treating label assignment as an independent k-means post-processing stage.
The ablation variant RAASC-kmeans uses the same k-means initialization on Uy, but omits the subsequent
discrete refinement.

Theorem 2: (Finite Termination and Local Optimality of Anchor-level Discretization) Suppose that a candidate
anchor-label change is accepted only when it strictly decreases J (Ya), while the current label is retained
in the case of equal objective values. Then the objective sequence generated by the refinement procedure is
monotonically non-increasing. Moreover, if the refinement is continued until a complete sweep accepts no label
change, it terminates after finitely many accepted updates at a one-anchor local discrete optimum.

Proof: Let YIET) denote the anchor-level label matrix after the ¢-th accepted update. During each refinement
step, the label of one anchor is considered while all other anchor labels remain fixed. By the acceptance rule,
every accepted label change satisfies J (ij)) <J (th) ) Therefore, the objective is strictly decreasing
at every accepted update and remains unchanged when a candidate update is rejected. Because each of the
m anchors can take one of k labels, the feasible label set contains at most k™ assignments. Since every
accepted update strictly decreases the objective, no previously visited label assignment can be revisited.
Consequently, only finitely many label changes can be accepted. When a complete sweep accepts no label
change, changing any single anchor to any alternative label cannot decrease the objective; otherwise, the
corresponding minimizing candidate would be accepted. Hence, for every anchor i and every candidate label

o J(Ya)<JT (Yfli%)) where Ylgi_w) denotes the label matrix obtained by assigning anchor i to cluster ¢
while keeping all other labels fixed. Therefore, the final labeling is a one-anchor local discrete optimum. O

3.4.3 Label Propagation and Inductive Inference

Since each row of B represents the soft assignment distribution from a node to its selected anchors,
the label information learned on the reduced anchor graph can be propagated back to the original nodes
by P = BY 4, where P ¢ R™k denotes the node-level soft label matrix, and Y, € R™** denotes the anchor-
level label matrix. The final label of node v; is assigned according to the largest entry in the i-th row of P:
yi = argmax.P;.. This propagation step avoids running k-means on all original nodes. Instead, node labels
are recovered by sparse matrix multiplication, whose cost depends on the number of nonzero entries in B.
Since B is constructed with adaptive neighborhood size K;, the label propagation cost is O (nnz(B)k) =
O (kX!_, K;). Based on Proposition 1, this cost is upper-bounded by O (1 Knaxk). In addition to transduc-
tive label recovery, RAASC naturally supports inductive inference for newly arriving nodes. For a new node
Vnew, the global spectral decomposition does not need to be recomputed. Instead, RAASC only constructs its
sparse anchor-assignment vector by, € R™™ using the same adaptive and relation-compatible assignment
strategy described in Section 3.3. The soft label distribution of v, is then obtained by ppew = bpew Ya and
its predicted label is given by ynew = argmax. (pnew),-

Proposition 2: (Inductive Inference Cost) For a new node v ,¢,, connected to Kye,, anchors, its label distribution
can be inferred in O (Kpewk) time without recomputing the spectral decomposition.

Proof: The anchor-assignment vector by, has only K., nonzero entries. Therefore, computing ppew =
bnew Ya only requires multiplying these K.,y nonzero weights with the corresponding k-dimensional anchor
label vectors in Y. Thus, the computational cost is O (Kpewk). Since Yy has already been learned on the
reduced anchor graph, no eigen-decomposition on either the full graph or the reduced graph is required for
the new node. O
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3.5 Complexity Analysis

For complexity analysis, let n, d, m, k, and |E| denote the numbers of target nodes, feature dimensions,
anchors, clusters, and relation-specific edges, respectively. The RAASC-specific sparsity parameters ¢, b, and
s denote the average numbers of stored local neighbors, examined candidates during local-neighbor and
anchor retrieval, and retained sample-anchor connections per node, respectively, where s < min b, Kp,x. Let
es =nnz (S, ) denote the number of nonzero edges in the reduced anchor graph, I, and I; the numbers
of eigensolver iterations and anchor-level discretization sweeps, and p the number of workers. In practice,
s,{ << m < n, while b depends on the relation-specific component restriction and candidate-retrieval
implementation.

e Relation-aware Anchorization: Constructing relation-specific subgraphs and identifying their weakly
connected components requires O (|E| + n|R]|) time. Computing local structural statistics and selecting
anchors requires approximately O (nbd) time, where b is the average number of candidates examined
in local-neighbor and anchor-selection operations. The corresponding storage cost is O (|E| + nd + n/).

o Adaptive Sample-anchor Construction: For each target node, RAASC evaluates at most b candidate
anchors and retains s < Ky,x assignments. Therefore, candidate scoring and adaptive assignment
require O (nbd) time, while the sparse sample-anchor matrices contain O (ns) nonzero entries and
require O (ns) memory.

o Reduced Spectral Learning: Because each node is connected to at most s anchors, accumulating
node-wise contributions to the reduced anchor graph requires O (nsz) time. Let e4 < m? denote
the number of nonzero edges in the resulting anchor graph. A sparse block LOBPCG itera-
tion requires O (e ak + mkz) operations. Thus, the distributed spectral core requires approximately
O (I. (eak + mk?®) /p) computation time, and O (e4 + mk) memory.

o Label Recovery: With incremental objective updates, anchor-level discretization requires O (I;mk)
time, while propagating anchor labels through the sparse sample-anchor matrix requires O (nsk)
time. Node labels can be recovered in a streaming or mini-batch manner, requiring O(k) temporary
memory per node and O(n) storage for the final hard labels, without materializing the complete n x k
soft-label matrix.

Combining the above stages, the dominant time complexity of RAASC is
O (|E| + n|R| + nbd + ns* + I, (eak + mk?*) [p + Iymk + nsk), and its dominant memory complexity is
O (|E| + nd + n (£ +s) + e4 + mk). When the candidate size b, neighborhood sizes ¢ and s, cluster number
k, and anchor budget m are bounded or grow much more slowly than #, the data-dependent part of RAASC
scales approximately linearly with # + |E|. In the worst case, exhaustive anchor search gives b = m, and a
dense reduced graph gives e, = m?. Even in this case, the eigenproblem is defined over m anchors rather
than » original nodes, where m <« n.

To place these results in context, Table Al compares RAASC with the principal competing methods.
Conventional SC constructs an # x n affinity matrix and solves a node-level eigenproblem, resulting in
quadratic memory and cubic eigen-decomposition costs. Similar to LSC, DnC-SC, and RESKM, RAASC
transfers the spectral problem from the original n-node graph to a much smaller m-anchor graph. Relative
to lightweight anchor approximations, RAASC introduces O (|E| + nbd) relation-aware preprocessing to
preserve typed local structures and relation-compatible sample-anchor assignments. Nevertheless, the
resulting sample-anchor matrices contain only O (#s) nonzero entries, and the spectral cost depends on
m and ey, rather than directly on n. SpectralMix also avoids a dense node-level eigen-decomposition,
but its iterative optimization repeatedly processes graph neighborhoods, relation structures, and attribute
categories. Therefore, the theoretical advantage of RAASC is best understood as a trade-off: it combines
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relation-aware representation with sparse anchor-level computation, rather than claiming a uniformly lower
asymptotic order than every anchor-based method.

4 Experimental Evaluation
4.1 Experimental Setup
4.1.1 Datasets

To evaluate RAASC under both medium-scale and large-scale heterogeneous graph settings, three
datasets are used: DBLP [15], IMDB [16], and OGBN-MAG [17]. DBLP and IMDB are adopted from the
PyG/MAGNN processed versions and are used as medium-scale heterogeneous graph benchmarks, with
authors and movies as target nodes, respectively. OGBN-MAG is adopted from the Open Graph Benchmark

and is used to evaluate scalability on large-scale heterogeneous graphs, where papers are treated as target
nodes. The statistics of the datasets are summarized in Table 1.

Table 1: Dataset statistics.

Dataset Version Target Type  Target Nodes  Total Nodes Relation Types Classes
DBLP PyG/MAGNN Author 4057 26,128 6 Directed relations 4
IMDB PyG/MAGNN Movie 4278 11,616 4 Directed relations 3

OGBN-MAG OGB Paper 736,389 1,939,743 4 Relation types 349

Detailed relation-specific component statistics are reported in Tables A2 and A3. After applying nyin =
10, the number of retained components ranges from 12 to 1430 across relations, and the relation-wise anchor
budgets sum to 406, 428, and 5000 on DBLP, IMDB, and OGBN-MAG, respectively. Moreover, 68.3%-
88.6% of target nodes belong to at least two retained relation-specific components. These long-tailed and
overlapping component structures motivate the proposed component-aware anchor allocation strategy.

4.1.2 Compared Methods and Evaluation Protocol

RAASC is compared with representative methods from three categories. The first category contains
basic clustering methods, including spectral clustering (SC) [I] and k-means [2]. The second category
contains large-scale spectral clustering methods, including LSC [5], DnC-SC [6], and RESKM [7], which
represent landmark-based, divide-and-conquer-based, and framework-based accelerated spectral clustering
methods, respectively. The third category contains attributed multi-relational spectral clustering, represented
by SpectralMix [10]. Because MCVGAE [14] requires a homogeneous node-level adjacency matrix, its
controlled comparison with RAASC is presented separately in Section 4.3.

Clustering quality is evaluated using accuracy (ACC), normalized mutual information (NMI), and
adjusted Rand index (ARI). ACC is calculated after aligning predicted and ground-truth labels using
the Hungarian algorithm. Computational efficiency is evaluated using total runtime and peak memory
consumption. Unless otherwise specified, the cluster number (k) is set to the number of ground-truth
classes. Each experiment is independently repeated five times with different random seeds, and the mean
and standard deviation are reported.

To ensure comparability, all methods are evaluated using the same target nodes, cluster numbers, and
evaluation labels for each dataset. The same target-node attributes are provided to all methods that support
attributed inputs, whereas methods that do not accept attributes use their required graph or similarity
representation. Except for the number of clusters, method-specific parameters are not selected using ACC,



Comput Mater Contin. 2026;89(3):32 17

NMI, or ARI. All methods are evaluated under the same five-run protocol and on the same CPU cluster
described in Section 4.1.3. MCVGAE is evaluated separately in Section 4.3 because it requires a homogeneous
node-level adjacency matrix; in that controlled comparison, MCVGAE and RAASC use exactly the same
adjacency matrix, node features, cluster number, labels, and random seeds.

4.1.3 Implementation and Parameter Settings

RAASC was implemented in Python 3.10. Spark 3.5 with GraphX was used to preprocess each input
graph, construct relation-specific subgraphs, and identify relation-aware local components, while OpenMPI
4.1 was used for distributed spectral learning on the reduced anchor graph. NumPy 1.26, SciPy 1.12, and
scikit-learn 1.4 were used for numerical computation and evaluation. PyTorch 2.2 and PyTorch Geometric
2.5 were used only for feature preprocessing and data handling and were not involved in the main spectral
clustering procedure.

All experiments were conducted on a CPU cluster consisting of four identical physical servers. Each
server was equipped with two Intel Xeon Gold 5218 processors, with 16 physical cores per socket and
32 physical cores in total at 2.30 GHz, 256 GB DDR4 RAM, and a 2 TB NVMe SSD. The servers were
interconnected through a 10-Gigabit Ethernet network. Each worker was allocated eight physical CPU cores
and 32 GB of memory, including a 28 GB Spark executor heap and 4 GB of memory overhead. At most
four workers were deployed on each physical server. Consequently, the experiments with 1, 2, and 4 workers
were executed on one server, while those with 8 and 16 workers used two and four servers, respectively. The
reported runtime and memory results were obtained under CPU-only execution. Accordingly, the reported
speedup and parallel efficiency are measured with respect to the number of eight-core workers rather than
the number of individual CPU cores.

Except for the cluster number k, all parameters are selected without using node labels. The anchor
budget is set to 10% of the number of target nodes, with a lower bound of 200 and an upper bound of 5000.
The bandwidths o, of, 05 are automatically set to the median local node-node distance in the space, the
median node-anchor attribute distance, and the median node-anchor structural distance, respectively. All
balancing weights and scalar parameters are fixed across datasets whenever possible, while Gaussian-kernel
bandwidths are automatically estimated using the median-distance heuristic. No parameter is selected using
ACC, NMI, or ARI. Detailed settings are provided in Table A4.

4.2 Clustering Performance

Table 2 reports the clustering performance of RAASC and the compared methods on DBLP, IMDB,
and OGBN-MAG under the unified experimental protocol described in Section 4.1. Conventional spectral
clustering can be executed on DBLP and IMDB but fails on the large-scale OGBN-MAG dataset because
of excessive memory consumption or runtime and is therefore marked as Out of Memory (OOM)/Time
Limit Exceeded (TLE). On the three heterogeneous benchmarks in the main comparison, RAASC achieves
the highest mean ACC, NMI, and ARI among the compared clustering and spectral clustering baselines.
Compared with k-means and conventional SC, RAASC benefits from exploiting graph structures through
relation-aware anchor construction and adaptive sample-anchor assignment. Compared with scalable spec-
tral clustering methods, including LSC, DnC-SC, and RESKM, RAASC further improves clustering quality
by preserving relation-specific local structures during anchor generation and reduced graph construction.
SpectralMix is the strongest baseline because it also considers attributed multi-relational graph information.
Compared with SpectralMix, RAASC obtains absolute mean improvements of 0.024-0.038 in ACC, 0.031-
0.057 in NMI, and 0.029-0.061 in ARI. These mean improvements indicate the effectiveness of the proposed
relation-aware adaptive anchor strategy on both medium-scale and large-scale heterogeneous graphs.
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Table 2: Clustering performance comparison on DBLP, IMDB, and OGBN-MAG.

Dataset Metric  k-Means SC LSC DnC-SC RESKM SpectralMix RAASC

ACC 0.513+0.024 0.563 +0.029 0.602 + 0.025 0.623 +0.021 0.635 + 0.017 0.681+ 0.016 0.705 + 0.018

DBLP NMI 0.298 + 0.020 0.350 + 0.027 0.381+0.019 0.414 + 0.030 0.434 + 0.039 0.479 + 0.037 0.521 + 0.015
ARI  0.252+0.021 0.312+0.015 0.344 + 0.026 0.376 + 0.029 0.390 + 0.030 0.422 + 0.032 0.483 + 0.022*

ACC 0.395+0.033 0.454 +0.030 0.472 +0.029 0.491+0.032 0.501 £ 0.022 0.538 +0.021 0.569 + 0.015*
IMDB NMI 0.079 £ 0.012 0.108 + 0.014 0.119 +£0.015 0.153 +0.017 0.162 + 0.017 0.211 + 0.020 0.242 + 0.009*
ARI  0.058 £ 0.021 0.087 +0.015 0.108 + 0.024 0.135+0.036 0.140 + 0.018 0.183 +0.024 0.212 + 0.014

ACC 0.096+0.019 OOM/TLE 0.117 +£0.018 0.137 + 0.028 0.143 + 0.034 0.156 + 0.035 0.194 + 0.020

OGBN-MAG NMI 0177 £0.028 OOM/TLE 0.205+ 0.021 0.238 + 0.020 0.256 + 0.023 0.276 + 0.024 0.333 + 0.016*
ARI  0.039+0.015 OOM/TLE 0.046 +0.007 0.066 + 0.011 0.065 + 0.014 0.074 + 0.032 0.115 + 0.023*

Note: Results are reported as mean + standard deviation over five independent runs. *denotes a statistically significant
improvement of RAASC over SpectralMix according to a two-sided Welch’s ¢-test (p < 0.05).

To assess the statistical reliability of the observed performance differences, two-sided Welch’s ¢-tests
were conducted between RAASC and SpectralMix, the strongest competing method in the main experi-
ments. Welch’s t-test was adopted because the runs of different algorithms were independently generated
and equal variances were not assumed. The significance level was set to 0.05. The Welch’s -test results
provide statistical support for part of these performance improvements. Specifically, RAASC significantly
outperforms SpectralMix in terms of ARI on DBLP, ACC and NMI on IMDB, NMI and ARI on OGBN-
MAG at the 0.05 significance level. For the remaining dataset-metric combinations, RAASC still obtains
higher mean scores, although the differences do not reach statistical significance. Statistically significant
improvements are marked with an asterisk in Table 2.

4.3 Comparison with Recent Deep Graph Clustering

To further compare RAASC with recent deep graph clustering methods, we include MCVGAE [14],
a multiscale contrastive variational graph autoencoder for node clustering. MCVGAE is designed for
attributed homogeneous graphs represented by a single node-level adjacency matrix, whereas the main
RAASC experiments use heterogeneous graphs containing multiple node and relation types. Therefore,
directly inserting MCVGAE into Table 2 would result in different structural inputs. For a controlled
comparison, both MCVGAE and RAASC are evaluated on the same homogeneous DBLP author graph used
by MCVGAE. The homogeneous DBLP benchmark contains 4057 author nodes, 7056 undirected edges,
334-dimensional node features, and four ground-truth classes. Both methods use exactly the same adjacency
matrix, node features, number of clusters, evaluation labels, and random seeds. For MCVGAE, we follow the
settings reported in the original paper: the confidence threshold is set to a = 0.31, the graph-update interval is
M = 20, the pretraining and training learning rates are 0.01 and 0.001, respectively, and the maximum number
of training epochs is 500. The remaining parameters are set according to the authors’ implementation. For
RAASC, the graph is treated as a single-relation attributed graph, with m = 406, 1, = 10, « = 10, Kipin = 2,
Kmax =10, and y = 0.2. Each method is independently executed five times using the same random seeds, and
the mean and standard deviation are reported.
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As shown in Table 3, MCVGAE achieves a slightly higher ACC than RAASC by 0.011, whereas RAASC
outperforms MCVGAE by 0.024 in NMI and 0.008 in ARI. The results indicate that MCVGAE provides
slightly better pointwise label alignment, while RAASC produces a partition with stronger overall infor-
mation consistency and pairwise clustering agreement. Notably, RAASC remains competitive even in this
homogeneous single-relation setting, although it is primarily designed for attributed heterogeneous graphs.

Table 3: Comparison with MCVGAE on the homogeneous DBLP benchmark.

Method ACC NMI ARI
MCVGAE 0.739 +0.008 0.389 + 0.013 0.439 + 0.010
RAASC 0.728 + 0.011 0.413 + 0.009 0.447 + 0.008

4.4 Ablation Experiments

To examine the contribution of each component, five RAASC variants are constructed for ablation
studies: RAASC-R removes relation-aware local components; RAASC-U uses uniform component-level
anchor allocation; RAASC-F replaces adaptive K; with a fixed anchor number; RAASC-L removes anchor
load control by setting u = 0; and RAASC-kmeans replaces anchor-level one-step discretization with k-
means on Uj,. All variants of the ablation experiments were evaluated using the same dataset, target nodes,
and evaluation metrics as RAASC.

As shown in Table 4, the complete RAASC model achieves the highest mean ACC, NMI, and ARI
across all datasets, confirming that the proposed components provide complementary benefits. Among the
variants, RAASC-R produces the largest overall degradation, with absolute decreases ranging from 0.034 to
0.058 across the nine dataset-metric combinations. In particular, removing relation-aware local components
reduces both NMI and ARI by 0.058 on DBLP and reduces NMI by 0.055 on OGBN-MAG. These relatively
large decreases demonstrate that relation-specific local structures provide essential guidance for anchor
generation, especially on graphs containing complex and overlapping relation patterns. RAASC-U and
RAASC-F also consistently underperform the complete model, with absolute decreases of 0.019-0.032 and
0.021-0.033, respectively. These results support difficulty-aware anchor allocation and node-specific adaptive
sample-anchor connectivity. RAASC-L produces smaller but consistent reductions of 0.013-0.022, indicating
that anchor-load regularization improves the balance and stability of sample-anchor assignment. RAASC-
kmeans is the closest variant to the complete model but still decreases performance by 0.010-0.017 across all
datasets and metrics, confirming that anchor-level discrete refinement helps reduce the mismatch between
continuous spectral embeddings and final discrete labels. Overall, the ablation results verify that all five
model components contribute to the effectiveness and robustness of RAASC, with the identification and use
of relation-aware local components providing the most substantial contribution.

4.5 Efficiency and Scalability

To evaluate computational efficiency, we compare RAASC with k-means, SC, LSC, DnC-SC, RESKM,
and SpectralMix in terms of total runtime, peak memory usage, and distributed scalability. For OGBN-MAG,
RAASC is evaluated with 4 workers by default unless otherwise specified.

Fig. 2a,b compares the runtime and peak memory usage of different methods on DBLP, IMDB, and
OGBN-MAG. K-means has the lowest computational cost because it performs only vector-based clustering,
but its clustering quality is limited. Conventional SC is feasible on medium-scale datasets but fails on
OGBN-MAG, confirming the poor scalability of full spectral clustering. RAASC introduces relation-aware
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anchorization and adaptive sample-anchor assignment, which brings moderate additional cost compared
with lightweight anchor-based methods such as LSC and RESKM. Nevertheless, RAASC is faster than SC
and SpectralMix on DBLP and IMDB. On OGBN-MAG, RAASC finishes in 627 s with 21.0 GB memory,
achieving the lowest runtime among scalable graph-based baselines and requiring less memory than
SpectralMix. These results indicate that RAASC provides a favorable trade-off between clustering quality,
runtime, and memory usage.

Table 4: Ablation study of different components of RAASC.

Variant RAASC-R RAASC-U RAASC-F RAASC-L RAASC-kmeans RAASC
ACC 0.658 £ 0.016 0.676 +0.023 0.681 + 0.030 0.690 + 0.020 0.693 + 0.015 0.705 + 0.018
DBLP NMI 0.463 £ 0.018 0.489 + 0.010 0.496 + 0.015 0.505 + 0.031 0.508 + 0.029 0.521 + 0.015
ARI 0.425+0.016 0.451+0.012 0.456 +0.011 0.467 + 0.025 0.469 + 0.022 0.483 + 0.022
ACC 0.520 +£0.027 0.541 +£0.021 0.539 + 0.013 0.550 + 0.008 0.554 + 0.027 0.569 + 0.015
IMDB NMI 0.188 +£ 0.021 0.211 +£ 0.028 0.210 + 0.025 0.221 + 0.023 0.225 + 0.021 0.242 + 0.009
ARI 0.168 £0.024 0.189 £ 0.022 0.187 = 0.027 0.197 + 0.010 0.201 + 0.028 0.212 + 0.014
ACC 0.160 £0.010 0.175+0.024 0.173 +0.011  0.181 + 0.018 0.184 + 0.029 0.194 + 0.020
OGBN-MAG NMI 0.278 £0.019 0.304 + 0.015 0.300 + 0.028 0.311 + 0.022 0.316 + 0.023 0.333 + 0.016
ARI 0.080 + 0.020 0.094 + 0.022 0.091 + 0.019 0.098 + 0.011 0.103 £ 0.028 0.115 + 0.023
Bl k-means [ LSC Il RESKM
Hl sC [ DnC-SC @ spectralMix [ RAASC
104 40
103 i 30—
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Figure 2: Runtime and peak memory usage of different methods.

Table 5 further reports the runtime breakdown of RAASC. The main computational costs come
from sample-anchor construction and the spectral core. On OGBN-MAG, these two stages take 218 and
154 s, respectively. This is expected because sample-anchor construction involves candidate
anchor retrieval, adaptive neighborhood assignment, and load-aware scoring over a large
heterogeneous graph, while the spectral core still requires iterative learning on the reduced
anchor graph. In contrast, reduced graph construction and label propagation are relatively
efficient. In particular, label propagation takes only 43 s on OGBN-MAG because it only requires
sparse multiplication between the sample-anchor matrix and the anchor-level label matrix.
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Table 5: Runtime breakdown of RAASC.

Sample- Reduced Spectral Label
Dataset Anchorization Anchor Graph P ) Total
. . Core Propagation
Construction Construction
DBLP 1.7 2.5 0.8 2.7 0.7 8.4
IMDB 1.3 2.1 0.7 2.6 0.6 73
OGBN-MAG 145 218 67 154 43 627

To further quantify distributed scalability, let T, denote the end-to-end wall-clock time of RAASC using
p workers. The worker-level speedup and parallel efficiency are calculated as S, = T;/T, and E, = S,/p x
100%, respectively. Communication and synchronization time includes embedding-vector exchanges along
cross-worker anchor edges and MPI collective operations in the distributed spectral core. For each run,
the maximum accumulated communication and synchronization time across workers is used to represent
the critical communication path. Its ratio to the total runtime is calculated as R;*™™ = T,°™™ /T, x 100%.
Here, p denotes the number of eight-core workers rather than the number of individual CPU cores. Each
configuration was executed five times, and the average results are reported in Table A5.

Fig. 3 reports the worker-level scalability of RAASC on OGBN-MAG. The configurations with one
to four workers were executed within a single physical server, whereas the configurations with eight and
sixteen workers were distributed over two and four servers, respectively. Increasing the worker count from
1 to 16 reduces the end-to-end runtime from 1452 to 390 s, corresponding to a speedup of 3.72. As detailed
in Table A5, the worker-level parallel efficiency decreases from 100.0% to 23.3%, while the communication
and synchronization ratio increases from 0.0% to 53.8%. Most of the runtime reduction is obtained within
four workers. Beyond four workers, cross-server embedding-vector exchanges along cross-worker anchor
edges, collective synchronization in the distributed eigensolver, and the sequential fraction of the overall
pipeline become increasingly prominent. Moreover, because the reduced spectral problem contains only
5000 anchors, the computation assigned to each worker decreases more rapidly than the communication
and synchronization requirements as additional workers are introduced. The 349-dimensional spectral
embedding and the nonuniform distributions of relation-specific components and cross-worker anchor
edges may further cause communication overhead and workload imbalance. These factors explain the
observed sublinear speedup and diminishing parallel efficiency beyond four workers.

4.6 Robustness Analysis

To evaluate the robustness of RAASC with respect to its main parameters, we investigate the anchor
ratio m/n, the maximum neighborhood size K., and the load-penalty strength g on DBLP and
IMDB. The anchor ratio is varied over {5%, 10%, 15%, 20%, 25% }, Kiax over {4,6,8,10,12}, and y over
{0,0.1,0.2,0.5,1.0}. When one parameter is varied, all other parameters are fixed at their default values
reported in Table A4. Each parameter setting is independently executed five times using the same evaluation
protocol as the main experiments, and the mean and standard deviation of ACC, NMI, and ARI are reported.

As shown in Fig. 4, RAASC exhibits stable clustering performance over moderate ranges of the three
parameters. Increasing the anchor ratio from 5% to 10% generally improves ACC, NMI, and ARI because
additional anchors provide better coverage of relation-specific local structures. Further increasing the anchor
ratio results in only limited improvements or small fluctuations, while increasing the size of the reduced
graph. This observation supports the use of a10% anchor ratio as an accuracy-efficiency trade-off rather than
a dataset-specific optimum. For Ky, the clustering performance generally improves as the value increases
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from 4 to 8 or 10 and then remains stable or decreases slightly. A small Ky, ,x may provide insufficient anchor
support for boundary and ambiguous nodes, whereas a large value may introduce less reliable sample-anchor
connections. Regarding u, disabling load control with x4 = 0 leads to lower performance, while moderate
values between 0.1 and 0.2 provide a favorable balance between relation-compatible assignment and anchor-
load regularization. Excessively large values may over-penalize highly representative anchors. Overall, the
adopted defaults, m/n = 10%, Kimax = 10, and p = 0.2, lie within stable performance regions on both datasets.

1600
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Figure 3: Worker-level scalability of RAASC on OGBN-MAG.
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Figure 4: Parameter sensitivity of RAASC on DBLP and IMDB.

In addition to parameter sensitivity, we examine whether RAASC is affected by the arbitrary numerical
ordering of nodes. Five random permutations of the node indices were generated for each dataset, with the
feature matrix, labels, and relation-specific edge indices consistently remapped to preserve the underlying
graph. As reported in Table A6, randomly permuting the node indices produces only minor variations in
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ACC, NMI, and ARI compared with the original ordering, while the corresponding standard deviations
remain comparable to those in the main experiments. This indicates that the identification of relation-aware
local components and the adaptive anchor assignment procedure in RAASC are not materially affected by
the storage order or numerical indices of the nodes.

4.7 Inductive New-Node Evaluation

To evaluate the inductive capability of RAASC, we conducted a held-out new-node experiment on
DBLP and IMDB. For each dataset, 80% of the target nodes were randomly selected for model construction,
while the remaining 20% were treated as newly arriving nodes. The held-out nodes and all their incident
edges were removed before identifying relation-aware local components, generating anchors, performing
reduced spectral learning, and conducting anchor-level discretization. The splits were generated without
using ground-truth labels. After training, the anchor set, anchor labels, kernel bandwidths, and training-stage
anchor loads were fixed. For each held-out node, only its attributes and relation-specific edges to the existing
training graph were provided. Candidate anchors were retrieved from the relation-specific components
associated with its observed neighbors. If no relation-supported candidate was available, the globally nearest
anchors were used as a fallback. The node was then assigned through the learned sample-anchor model,
without regenerating anchors or recomputing the spectral decomposition. Edges between held-out nodes
were not used. All hyperparameters followed the default settings in Table A4, and the anchor budget was
determined only from the training target nodes.

Table 6 compares inductive inference with full retraining, in which the held-out nodes were added to the
graph and the complete RAASC pipeline was rerun. Both settings were evaluated on the same held-out nodes.
Results are reported as mean and standard deviation over five random 80/20 splits. As shown in Table 6,
inductive inference achieves clustering performance close to that obtained by full retraining. On DBLP, the
absolute decreases in ACC, NMI, and ARI are 0.011, 0.009, and 0.014, respectively, while the corresponding
decreases on IMDB are 0.013, 0.011, and 0.014. Meanwhile, inductive inference reduces the processing time
from 8.5 to 0.7 s on DBLP and from 7.4 to 0.6 s on IMDB, corresponding to approximately 12.1x and 12.3x
acceleration, respectively. These results demonstrate that the learned relation-aware anchors can generalize
to previously unseen nodes and enable efficient new-node assignment without recomputing the reduced
spectral decomposition.

Table 6: Inductive clustering performance and processing time of RAASC on held-out target nodes.

Dataset Mode ACC NMI ARI Processing Time (s)
DBLP Full retraining 0.699 + 0.019 0.516 + 0.016 0.476 + 0.023 8.5
Inductive inference  0.688 + 0.021  0.507 + 0.018  0.462 + 0.025 0.7
IMDB Full retraining 0.562 + 0.017 0.238 + 0.012 0.205 + 0.016 7.4
Inductive inference 0.549 + 0.019 0.227 + 0.014 0.191 + 0.018 0.6

5 Conclusion and Future Work

In this paper, we proposed RAASC, a relation-aware adaptive anchor spectral clustering framework
for large-scale attributed and heterogeneous graphs. RAASC constructs relation-aware anchors, builds an
adaptive load-aware sample-anchor graph, and performs spectral learning on a reduced anchor graph to
avoid full graph eigen-decomposition. On the three heterogeneous benchmarks in the main comparison,
RAASC achieves the highest mean ACC, NMI, and ARI among the compared clustering and spectral
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clustering baselines. Compared with SpectralMix, the strongest attributed multi-relational baseline in the
main experiments, RAASC obtains absolute improvements of 0.024-0.038 in ACC, 0.031-0.057 in NMI, and
0.029-0.061 in ARI. On OGBN-MAG, RAASC completes clustering in 627 s using 21.0 GB of peak memory
with four workers and achieves a speedup of 3.72 with sixteen workers. Moreover, the held-out new-node
experiments show that inductive inference provides approximately 12.1x and 12.3x acceleration on DBLP
and IMDB, respectively, while incurring only small absolute performance decreases of 0.009-0.014. Ablation
and parameter-sensitivity results further verify the effectiveness and robustness of the principal components.
Nevertheless, RAASC still relies on informative relation types and several balancing parameters. In future
work, we plan to investigate automatic parameter selection, dynamic heterogeneous graph clustering, and
automatic cluster number estimation within the reduced spectral learning framework.
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Appendix A

Table Al: Theoretical complexity comparison of RAASC and the principal competing methods.

Method Dominant Time Complexity Dominant Memory Complexity
sC O(n*d+n’) 0(n?)
LSC O(Iand+nm2+m3) O(nm+m2)
DnC-SC O(n(ad+s"+sk+sd+kIx)+m’ +m’(d+s)) O (ns+m” + nk)
RESKM O (Cas + Cag + m’ + Ixmk® + nsk) O (ns+m’ + mk)
SpectralMix O (Is (|E|h + nh® + nCh) + Ixunkh) O (|E| + nnz(A) + nh + Ch + kh)
RAASC O (|E| + nbd + ns® + L. (eak + mk*) [p + Iymk + nsk) O (|E| + nd + n (£ +5) + ea + mk)

Note: n, d, m, and k denote the numbers of target nodes, feature dimensions, anchors, and clusters, respectively. s
is the number of retained sample-anchor connections, b is the average candidate set size examined by RAASC. For
DnC-SC, « is the selection-rate parameter that bounds the number of subsets generated in each divide-and-conquer
step. For SpectralMix, h is the embedding dimension, C is the total number of attribute categories, and nnz(A) denotes
the number of nonzero entries in the attribute matrix A. For RAASC, £ is the average number of retained relation-
specific component memberships per target node, e is the number of nonzero edges in the reduced anchor graph, and
p is the number of workers. I denotes the number of landmark-selection iterations in LSC; Ix denotes the number
of k-means iterations used by DnC-SC and RESKM; I and Ik denote the numbers of SpectralMix optimization
and subsequent k-means iterations, respectively; and I, and I; denote the numbers of eigensolver iterations and
anchor-level discretization sweeps in RAASC, respectively. For RESKM, Cys and Cag denote the anchor-selection and
anchor-graph construction costs, which depend on the Nystrém or sparse-representation variant integrated into the
framework. Input-data storage is included when it is explicitly required by the corresponding method.
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Table A2: Relation-wise weakly connected component statistics and anchor allocation.

All-Node Size

Target-Candidate

Dataset Relation WCCs Median [IQR]; Size Median Retained  Anchors
Max [IQR]; Max
1 74 28 [8-93];18,140 12 [3-41]; 3810 21 92
2 74 28 [8-93]; 18,140 12 [3-41]; 3810 21 92
T3 138 15 [4-57]; 12,450 8 [2-28]; 2760 30 63
DBLP
r4 138 15 [4-57]; 12,450 8 [2-28]; 2760 30 63
rs 29 220 [45-814];13,980 43 [9-167]; 3520 12 48
Ts 29 220 [45-814]; 13,980 3 [9-167]; 3520 12 48
r1 286 13 [4-38]; 10,240 7 [2-19]; 3980 46 122
IMDB 12 286 13 [4-38]; 10,240 7 [2-19]; 3980 46 122
s 1096 4 [2-9]; 6180 2 [1-4]; 1460 22 92
T4 1096 4 [2-9]; 6180 2 [1-4]; 1460 22 92
o] 1832 7 [2-31]; 1,020,000 3 [1-12]; 420,000 610 1350
e 4986 3 [1-9]; 1,450,000 2 [1-5]; 690,000 1430 1700
OGBN-MAG
3 742 18 [4-76]; 1,310,000 9 [2-39]; 710,000 520 1250
ry 1260 6 [2-21]; 870,000 4 [1-14]; 510,000 440 700
Table A3: Cross-relation component overlap and final anchor statistics.
Average Multi- Maximum
Dataset 8 R Membership . Final Anchors
Memberships . Memberships
Ratio
DBLP 3.18 88.6% 6 406
IMDB 2.67 79.4% 4 428
OGBN-MAG 2.12 68.3% 4 5000

Note: “WCCs” denotes the number of weakly connected components in each relation-specific subgraph. Component-
size distributions are reported as median [interquartile range]; maximum. Target-candidate size counts only
target-type nodes eligible for anchor selection. A component is retained when its target-candidate size satisfies
SC 2 fmin = 10. “Anchors” denotes the sum of the component-level anchor budgets associated with each relation.
Components are disjoint within the same relation, and overlap is therefore measured across retained components from
different relation types.

Table A4: Default parameter settings of RAASC.

Category Description Parameter DBLP IMDB OGBN-MAG
Clustering Number of clusters k 4 349
Anchorization Total anchor budget m 406 5000
t
Comp(.)nen Minimum candidate size Nmin 10 10
filtering

(Continued)
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Table A4 (continued)
Category Description Parameter DBLP IMDB OGBN-MAG
Local flocal
. oca Numl?er of loca . 10 10 10
neighborhood neighbors
Aflaptlve Minimum anchors per Koo 5 5 5
assignment node
Afiaptlve Maximum anchors per Ko 10 10 10
assignment node
Co.mponent Size, Variation., and o, 3 3 3
difficulty boundary weights
Density, boundary, and
Anchor selection ensity, boun jdry an Bden> Pod> Peov  1/3 1/3 1/3
coverage weights
. Density, boundary, and
Nod taint s Mbs 1/3 1/3 1/3
ode uncertainty ambiguity weights p> o> Ta / / /
Attribute, structure,
Anchor scoring relation, and penalty A s Aoy Ars Ae 0.25 0.25 0.25
weights
Load control Load-penalty strength Y 0.2 0.2 0.2
Soft assignment Softmax temperature 0 0.2 0.2 0.2
N ical
merica Stabilization constant € 1078 1078 1078
stability
Relation fusion Relatlon-speaﬁc graph W, 1/6 1/4 1/4
weight
. Maximum solver
Eigensolver . . T, 200 200 200
iterations
Eigensolver Solver tolerance € 10°° 10°° 107°
Discretization Maximum refinement T, 20 20 20
sweeps
Discretization Refinement tolerance 4 107° 107° 107°
Distributed Default number of P, ) ) 4

setting

workers
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Table A5: Worker-level parallel efficiency and communication and synchronization overhead of RAASC on OGBN-

MAG.
Physical Efficiency Comm. and Comm. and
Work Runti Speed
oriers Nodes untime (s) peedup (%) Sync. Time (s) Sync. Ratio (%)

1 1 1452 1.00 100.0 0 0.0

2 1 845 1.72 85.9 60 7.1

4 1 627 2.32 579 115 18.3

8 2 461 3.15 39.4 175 38.0

16 4 390 3.72 23.3 210 53.8

Note: Runtime denotes the end-to-end wall-clock time. Speedup and worker-level parallel efficiency are calculated as
Sp =Ti/Tyand E, = S,/ p x 100%, respectively. Communication and synchronization time includes embedding-vector
exchanges along cross-worker anchor edges and MPI collective operations in the distributed spectral core. For each
run, the maximum accumulated time across workers is used to represent the critical communication path. All values
are averaged over five runs.

Table A6: Robustness of RAASC to random node-order permutations.

Dataset Order ACC NMI ARI
DBLP ID order 0.705 + 0.018 0.521 + 0.015 0.483 + 0.022
Random permutation 0.702 £+ 0.017 0.518 + 0.016 0.480 + 0.020
IMDB ID order 0.569 + 0.015 0.242 + 0.009 0.212 + 0.014
Random permutation 0.567 £ 0.016 0.240 + 0.011 0.210 + 0.013
OGBN-MAG ID order . 0.194 + 0.020 0.333 £ 0.016 0.115 + 0.023
Random permutation 0.192 + 0.019 0.329 + 0.018 0.113 + 0.021
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