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Abstract—Graph partitioning (GP), a.k.a. community detec-
tion, is a classic problem that divides the node set of a graph
into densely-connected blocks. Following prior work on the IEEE
HPEC Graph Challenge benchmark and recent advances in
graph machine learning, we propose a novel RAndom FasT
Graph Partitioning (RaftGP) method based on an efficient graph
embedding scheme. It uses the Gaussian random projection to
extract community-preserving features from classic GP objec-
tives. These features are fed into a graph neural network (GNN)
to derive low-dimensional node embeddings. Surprisingly, our
experiments demonstrate that a randomly initialized GNN even
without training is enough for RaftGP to derive informative
community-preserving embeddings and support high-quality GP.
To enable the derived embeddings to tackle GP, we introduce
a hierarchical model selection algorithm that simultaneously
determines the number of blocks and the corresponding GP
result. We evaluate RaftGP on the Graph Challenge benchmark
and compare the performance with five baselines, where our
method can achieve a better trade-off between quality and
efficiency. In particular, compared to the baseline algorithm [1]
of the IEEE HPEC Graph Challenge, our method is 6.68x – 23.9x
faster on graphs with 1E3 – 5E4 nodes and at least 64.5x faster
on larger (1E5 node) graphs on which the baseline takes more
than 1E4 seconds. Our method achieves better accuracy on all
test cases. We also develop a new graph generator to address
some limitations of the original generator in the benchmark.

Index Terms—Graph Partitioning, Graph Clustering, Commu-
nity Detection, Graph Embedding

I. INTRODUCTION

For many real-world complex systems (e.g., social, commu-
nication, and biological networks), graphs serve as a generic
abstraction of system entities and their relations in terms
of nodes and edges. Graph partitioning (GP), a.k.a. disjoint
community detection, is a classic problem that divides the
node set of a graph into disjoint blocks (communities) with
dense linkages distinct from other blocks. The partitioning of
blocks (communities) can reveal the structures and functions of
a graph [2]–[4] while supporting advanced applications (e.g.,
parallel task assignment [5], wireless network decomposition
[6], and traffic classification [7]).

GP on large graphs is usually challenging because it can
be formulated as several NP-hard combinatorial optimiza-
tion objectives. Previous studies on the IEEE HPEC Graph
Challenge benchmark [8] have provided a series of solutions
to alleviating the NP-hard challenge of GP. Knyazev et al.
[9] solved the eigen decomposition of graph Laplacians via
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locally optimal block preconditioned conjugate gradient and
accelerated the spectral clustering algorithm. Durbeck et al.
[10] explored the ability of graph summarization techniques
to preserve the underlying community structures of graphs.
Uppal et al. [11] and Wanye et al. [12] proposed a top-down
divide-and-conquer algorithm and a sampling strategy to speed
up the Bayes inference of the stochastic block model (SBM).

Different from the aforementioned studies that focus on
the engineering improvements of existing GP techniques (e.g.,
spectral clustering and Bayesian SBM), we propose a novel
RAndom FasT Graph Partitioning (RaftGP) method following
recent advances in graph machine learning [13]. It adopts
an efficient community-preserving graph embedding scheme
including (i) random feature extraction, (ii) random embedding
derivation, and (iii) hierarchical model selection.

We first use the efficient Gaussian random projection [14] to
extract two sets of low-dimensional features from classic GP
objectives of normalized cut (NCut) minimization [15] and
modularity maximization [16], which induces two variants of
RaftGP. The extracted features are believed to encode the com-
munity structures of graphs because the random projection can
preserve the geometric structures (e.g., in terms of distances)
between inputs (i.e., components about graph structures in the
two GP objectives) with rigorous theoretical guarantees [14].

To derive low-dimensional embeddings, we then feed the
extracted features into a graph neural network (GNN), which
further enhances their abilities to preserve community struc-
tures via multi-hop feature aggregation while reducing the
dimensionality. In contrast to existing GNN-based methods
[17]–[19] that require time-consuming training, we get inspi-
ration from the efficient random projection and consider an
extreme design of RaftGP, where we do not apply any training
procedures to GNN. Surprisingly, our experiments demonstrate
that one feedforward propagation of a randomly initialized
GNN , even without training, is enough for RaftGP to derive
informative community-preserving embeddings.

To enable the embedding scheme to tackle GP, we introduce
a hierarchical model selection algorithm that simultaneously
determines the proper number of blocks and corresponding
block membership (i.e., the GP result). It recursively partitions
the node set into two subsets by applying KMeans to the
derived node embeddings, where a novel local modularity
metric is used to stop the recursion.

We follow the experiment settings of the IEEE HPEC Graph
Challenge to evaluate RaftGP and compare the performance



with five baselines. However, we notice some limitations of the
original data generators in the benchmark. To address these
limitations, we develop a new algorithm that can generate
graphs from the exact SBM distribution in nearly linear time.

II. PROBLEM STATEMENTS & PRELIMINARIES

In this study, we consider undirected unweighted graphs. In
general, a graph can be represented as G = (V,E), where
V = {v1, v2, · · · , vN} and E = {(vi, vj)|vi, vj ∈ V } are the
sets of nodes and edges. The topology structure of a graph can
be described by an adjacency matrix A ∈ {0, 1}N×N , where
Aij = Aji = 1 if (vi, vj) ∈ E and Aij = Aji = 0 otherwise.
We study the following graph partitioning (GP) problem.

Definition 1 (Graph Partitioning, GP). Given a graph G, GP
(a.k.a. disjoint community detection) aims to partition the node
set V into K disjoint subsets (i.e., blocks or communities) C =
{C1, · · · , CK} such that (i) within each block the linkage is
dense but (ii) between different blocks the linkage is relatively
loose. In this study, we assume that K is not given and should
be determined by a model selection procedure.

Our RaftGP method follows a novel community-preserving
embedding scheme based on some classic combinatorial opti-
mization objectives of GP (e.g., NCut minimization [15] and
modularity maximization [16]).

Definition 2 (Graph Embedding). Given a graph G, graph
embedding (a.k.a. graph representation learning) learns a func-
tion f : V 7→ Rd that maps each node vi to a low-dimensional
vector representation (a.k.a. embedding) zi ∈ Rd (d ≪ N ).
The derived embeddings {zi} are expected to preserve some
major properties (e.g., community structures) of graph topol-
ogy. For instance, nodes (vi, vj) with similar properties (e.g.,
in the same block) should have close embeddings (zi, zj) (e.g.,
in terms of distance). It is a unified framework that can support
various graph inference tasks by combining {zi} with specific
downstream modules. For GP, one can apply the KMeans
clustering algorithm to {zi}, which derives the GP result C
w.r.t. the determined number of blocks K.

Definition 3 (NCut Minimization). Given a graph G and
the number of blocks K to be partitioned, NCut minimization
aims to derive a GP result C that minimizes the NCut metric:

min
C

NCut(G,K) ≡ 1

2

∑K

r=1
[cut(Cr, Cr)/vol(Cr)], (1)

where Cr = V − Cr denotes the complementary set of Cr;
cut(Cr, Cr) =

∑
vi∈Cr,vj∈Cr

Aij is the cut between Cr and
Cr; vol(Cr) =

∑
vi∈Cr,vj∈V Aij is the volume of Cr. (1) can

be further rewritten into the following matrix form:

min
H

tr(HTLH) s.t. Hir =

{
[deg(vi)/vol(Cr)]

0.5, vi ∈ Cr

0, otherwise
, (2)

where L ≡ IN −D−0.5AD−0.5 is the normalized Laplacian
matrix of A; D ≡ diag(deg(v1), · · · ,deg vN ) is defined as
a degree diagonal matrix with deg(vi) as the degree of node
vi; IN is an N -dimensional identity matrix; H consists of the
scaled block membership indicators.

Definition 4 (Modularity maximization). For the given G
and K, modularity maximization aims to derive a GP result
C that maximizes the following modularity metric:

max
C

Mod(C,K) ≡ 1
2e

K∑
r=1

∑
vi,vj∈Cr

[Aij − deg(vi)deg(vj)
2e ], (3)

where deg(vi) is the degree of node vi; e is the number of
edges. Similarly, (3) can also be rewritten into a matrix form:

min
H
− tr(HTQH) s.t. Hir =

{
1, vi ∈ Cr

0, otherwise
, (4)

where Q ∈ RN×N is defined as the modularity matrix with
Qij = Aij − deg(vi)deg(vj)/(2e); H consists of the block
membership indicators.

Although NCut minimization and modularity maximization
are NP-hard and need a pre-set number of blocks K, our
method does not directly solve these combinatorial optimiza-
tion problems. Instead, we only focus on how to efficiently
extract informative community-preserving features from (2)
and (4), which is detailed later in Section III-A.

The benchmarks of the IEEE HPEC Graph Challenge
contain graphs drawn from the SBM with different settings.
One baseline algorithm [1] is also based on maximizing the
posterior probability of the SBM.

Definition 5 (Stochastic Block Model, SBM). Let θ ∈ RN
+

and c ∈ [K]N be the degree correction vector and the block
assignment vector. Let Ω ∈ RK×K

+ be the block interaction
matrix. The SBM independently generates an edge for each
pair of nodes (vi, vj) (i.e., each entry of adjacency matrix A)
via a Poisson distribution Aij ∼ Pois(λij ≡ θiθjΩcicj ).

III. METHODOLOGY

To alleviate the NP-hard challenge of GP, we propose
a novel RaftGP method following an efficient community-
preserving embedding scheme. In this section, we elaborate on
the three major procedures of RaftGP, which are (i) random
feature extraction, (ii) random embedding derivation, and (iii)
hierarchical model selection.

A. Random Feature Extraction

We first extract informative features from the key compo-
nents regarding graph structures in classic GP objectives. For
NCut minimization defined in (2), M ≡ D−0.5AD−0.5 in the
Laplacian matrix L is used to describe the graph topology. For
modularity maximization, the modularity matrix Q in (4) is
the primary component regarding graph structures.

In particular, {M,Q} can be considered as a reweighting
of the original neighbor structures described by the adjacency
matrix A, where the similarity between (Mi,:,Mj,:) (or
(Qi,:,Qj,:)) indicates the neighbor similarity between nodes
(vi, vj). In general, nodes (vi, vj) with a higher neighbor
similarity (i.e., denser local linkage) are more likely to be par-
titioned into the same block. Hence, we believe that {M,Q}
encode key characteristics about the community structures of a
graph. Tian et al. [20] and Yang et al. [21] have also validated



the potential of M and Q to derive community-preserving
embeddings via deep auto-encoders. Instead of using auto-
encoders, we propose a more efficient strategy to extract
community-preserving features (denoted by Y ∈ RN×L) from
{M,Q}, with the feature dimensionality L≪ N .

Since most real-world graphs have sparse topology, M can
be treated as a sparse matrix. However, Q is still a dense
matrix. To fully utilize the sparsity of topology, we introduce
a reduced modularity matrix Q̃ ∈ RN×N, where Q̃ij = Qij if
(vi, vj) ∈ E and Q̃ij = 0 otherwise. Although the reduction of
Q may lose some information, our experiments demonstrated
that Q̃ is enough to derive informative community-preserving
embeddings to support high-quality GP.

Let X ∈ {M, Q̃} be the structural component from NCut
minimization or modularity maximization, which induces two
variants of RaftGP. We extract the features Y via

Y = XΘ with Θ ∈ RN×L,Θir ∼ N (0, L−0.5), (5)

where Yi,: is the extracted feature of node vi. Concretely, (5)
is the Gaussian random projection [14] of X ∈ RN×N , an
efficient dimension reduction technique that can preserve the
geometry structures (e.g., in terms of distances) of input fea-
tures in finite-dimensional l1 [22] and l2 [23] spaces with rig-
orous theoretical guarantees. For instance, nodes (vi, vj) with
close (Xi,:,Xj,:) are guaranteed to have close (Yi,:,Yj,:).

Since X is sparse, the time complexity of random projection
is O(|E|L) by using the sparse-dense matrix multiplication.
Given a graph G, the complexities to compute M and Q̃
are both O(|E|). In summary, the overall complexity of the
random feature extraction step is O(|E|L).

B. Random Embedding Derivation

Although the extracted features (described by Y ∈ RN×L)
have the initial ability to encode characteristics about com-
munity structures, we derive the final community-preserving
embeddings (denoted by Z ∈ RN×d) by feeding Y into
a multi-layer GNN, which further enhances the extracted
features via the feature aggregation of GNN while reducing
the feature dimensionality to d < L. We adopt GCN [24] to
build the multi-layer GNN because it is easy to implement and
has a low complexity of feature aggregation.

Let Z(k−1) ∈ RN×Lk−1 and Z(k) ∈ RN×Lk be the input
and output of the k-th GNN layer, where Z(0) = Y; Lk−1

and Lk are the input and output feature dimensionality. The
k-th GNN layer can be described as

Z(k) = fact(D̂
−0.5ÂD̂−0.5Z(k−1)W(k)), (6)

where Z
(k)
i,: is the (intermediate) representation of node vi;

fact(·) is an activation function to be specified (e.g., tanh
in our implementation); Â ≡ A + IN is the adjacency
matrix with self-edges; D̂ is the degree diagonal matrix of
Â; W(k) ∈ RLk−1×Lk is a trainable parameter. In particular,
Z

(k)
i,: is the non-linear aggregation (i.e., weighted mean) of

features w.r.t. {vi} ∪ N(vi) from the previous layer, with
N(vi) as the neighbor set of vi. The feature aggregation
forces nodes (vi, vj) with similar neighbor sets (N(vi),N(vj))

(i.e., dense local linkage) to have similar features (Z(k)
i,: ,Z

(k)
j,: ),

thus enhancing the ability to encode characteristics regarding
community structures. The multi-layer structure can further
extend the feature aggregation to the local topology induced
by multi-hop neighbors.

Before feeding Z(k) into the next GNN layer, we recom-
mend conducting the row-wise l2-normalization via Z

(k)
i,: ←

Z
(k)
i,: /|Z

(k)
i,: |2, which controls the scale of the (intermediate)

representation of each node vi. We treat the normalized rep-
resentations from the last GNN layer (denoted by Z ∈ RN×d)
as the final community-preserving embeddings. In the rest of
this paper, we use zi ∈ Rd to represent the embedding of vi.

The powerful inference abilities of some state-of-the-art
GNN-based GP methods (e.g., ClusterNet [17], LGNN [18],
and ICD [19]) rely on the offline training of model parameters
(e.g., {W(k)}) via the time-consuming gradient descent.

Inspired by the efficient random projection described in (5),
we consider an extreme design of RaftGP, where we do not
apply any training procedures to the multi-layer GNN. Our
experiments demonstrate that one feedforward propagation
through a randomly initialized GNN without any training
is enough for RaftGP to derive informative community-
preserving embeddings and support high-quality GP. A rea-
sonable interpretation is that each GNN layer described in
(6) can be considered as a special random projection similar
to (5). In the k-th layer, the geometric properties (e.g., rel-
ative distances) between the aggregated representations (i.e.,
D̂−0.5ÂD̂−0.5Z(k−1)) can be preserved with theoretical guar-
antees, even though it is multiplied by a random matrix W(k)

and mapped to another space with lower dimensionality. The
nonlinear activation and l2-normalization will also not largely
change the geometric properties.

For the GNN feature aggregation in (6), one can treat
D̂−0.5ÂD̂−0.5 as a sparse matrix and use the efficient sparse-
dense matrix multiplication for implementation. In this setting,
the complexity of GNN feedforward propagation is O(|E|L+
NLL1+|E|L1+NL1L2+· · · ) = O(|E|L+NLL1), where we
usually set Lk > Lk+1. Assume that {L,L1} have the same
magnitude with the embedding dimensionality d. The com-
plexity of the embedding derivation step is O(|E|d+Nd2).

C. Hierarchical Model Selection

Graph embedding is a unified framework that can support
various inference tasks by combining the derived embeddings
{zi} with specific downstream modules. To enable RaftGP to
support the GP task stated in Definition 1, the model selection
problem (i.e., determining a proper number of blocks K) is
critical. We introduce an efficient hierarchical model selection
algorithm based on a novel local modularity metric.

Definition 6 (Local Modularity). Let U ⊆ V be a subset of
nodes in graph G = (V,E). Let degG(v) be the degree of
node v in G. Suppose U is partitioned into K disjoint blocks
(U1, · · · , UK). We define the local modularity metric as

LMod(U1, · · · , UK ;G) ≡
∑K

r=1
[
mr

e
− (

mr

2e
)2], (7)



Algorithm 1: Hierarchical Model Selection

1 global variables
2 Graph G = (V,E); Derived node embeddings {zi};

Current GP result C (with C ← ∅ at the beginning)
3 procedure PARTITION(U,G)
4 m1 ← LMod(U ;G) via (7)
5 Apply KMeans to {zi|vi ∈ U} with K = 2 and get two

subsets {U1, U2}
6 m2 ← LMod(U1, U2;G) via (7)
7 if |U1| ≤ ϵ or |U1| ≤ ϵ or m1 > m2 then
8 Add U as a new block to C

9 else
10 PARTITION(U1, G)
11 PARTITION(U2, G)

Fig. 1: The hierarchical model selection procedure on a sample
embedding. Dots represent vertex embeddings. Rectangles represent
final or intermediate blocks. Dashed lines represent partitions returned
by the Kmeans algorithm.

where mr is the number of intra-block edges of Ur; mr =∑
v∈Ur

degG(v) is total degree of nodes in Ur; 2e =∑K
r=1 mr is the total degree of all nodes in U .

Different from the standard modularity on G[U ] which
considers only edges induced by U , local modularity also takes
account of the edges from U to V − U . When partitioning
a subgraph, local modularity keeps its interaction with the
remaining graph and thus ensures that we do not further
partition a true block into sub-blocks.

Our hierarchical model selection procedure based on the
local modularity metric is summarized in Algorithm 1. We
demonstrate it by an example (Fig. 1). For a set of nodes
U ⊆ V to be partitioned, we first compute the local modularity
m1 that treats U as a single block (i.e., Line 4). The KMeans
clustering algorithm is then applied to embeddings {zi|vi ∈
U} (i.e., Line 5), which tries to divide U into two blocks
{U1, U2} based on the distances between embeddings. One
can also compute the local modularity m2 w.r.t. the partition of
{U1, U2} (i.e., Line 6). We then introduce a heuristic stopping
rule based on the sizes of {U1, U2} and values of {m1,m2}.
Concretely, we adopt the set U as a new block, if |U1| or
|U2| are less than or equal to a threshold ϵ (i.e., ϵ = 5 in our
implementation) or m1 > m2 (i.e., Lines 7,8). Otherwise, we
repeat the aforementioned procedures to further partition U1

and U2 (i.e., Lines 10, 11).
In particular, the stopping rule in Line 7 can effectively

avoid partitioning U into too small or imbalanced blocks (e.g.,
with |U1| < ϵ or |U2| < ϵ). Consistent with the modularity
maximization objective, it also tries to avoid the decrease of

modularity after the partitioning.
The complexity of this algorithm depends on the quality of

the embedding. If the embedding is of good quality so that
the KMeans algorithm always partitions the node set U into
two balanced sets, we need to run the KMeans algorithm on
a total of O(N logN) nodes. The complexity in this case is
O(NT logN) where T is the number of iterations in KMeans.
In the worst case, the set U is always partitioned into a single
block and the remaining blocks. In this case, the KMeans
algorithm is run on O(KN) nodes where K is the number of
blocks. The complexity in this case is O(KTN).

D. Extension to Streaming Graphs

The aforementioned designs of RaftGP can be easily ex-
tended to streaming graphs. Let E′ be the set of newly added
edges in the streaming setting. Since the addition of E′ only
changes the degrees of at most 2|E′| nodes, one can use an
incremental strategy to update the input statistics X ∈ {M, Q̃}
with a complexity of O(|E′|). Let V ′ be the set of nodes
incident to E′. Note that only the multi-hop neighbors of
V ′ (denoted by V ′′) will participate in the GNN feature
aggregation of V ′. Let E′′ be the set of edges induced by
V ′∪V ′′. One can also incrementally update embeddings {zi}
via the random projection and GNN feedforward propagation
induced by (V ′ ∪ V ′′, E′′). Therefore, the overall complexity
of embedding derivation is O(|E′′|d+ |V ′ ∪V ′′|d), where we
usually have |E′′| < |E| and |V ′ ∪ V ′′| < N .

For the hierarchical model selection, one can formulate
the partitioning procedure as a tree, where each tree node
represents a subset of nodes (i.e., U ⊆ V ) to be partitioned;
the children of this tree node represent a partition of U (e.g.,
(U1, U2)); each leaf corresponds to a block Cr. The tree
structure allows one to update only a tree path (path from a
leaf to the root) once the embedding zi of node vi is updated.

IV. FAST GRAPH GENERATING FROM THE SBM

The stochastic block partition benchmark of the IEEE HPEC
Graph Challenge generates test graphs using the SBM gen-
erators (i.e., ‘blockmodel’ and ‘blockmodel-degree’)
implemented by graph-tool [25]. We argue that there are some
limitations in the implementations of these generators.

For instance, ‘blockmodel’ ignores the degree correction
terms (i.e., θ in Definition 5). ‘blockmodel-degree’ uses
the Markov Chain Monte Carlo (MCMC) sampling algorithm
to rewire the edges generated from another random model.
As a result, the distribution X of its output approaches the
SBM distribution S only after sufficient iterations of MCMC.
In practice, the number of iterations is set to a constant. This
makes the distribution X an approximation of S without a
provable distance guarantee.

To address the limitations, we introduce a new fast graph
generating algorithm. It generates graphs from the exact SBM
distribution S(θ, c,Ω) and has a nearly linear time complexity
of O((|E| + K2) logN), where {θ, c,Ω} are defined in
Definition 5; K, N , and |E| are the numbers of blocks, nodes,
and edges in the generated graph.



Algorithm 2: Fast Graph Generating from the SBM

1 procedure RANGESUM(r, s, x, y)
2 return Sum of {λij ≡ θiθjΩcicj} over the x-th to the

y-th edge between blocks Cr and Cs

3 procedure SAMPLE(N,K, c,θ,Ω)
4 Let Cr ← {vi|ci = r} be the r-th block
5 for all pairs (r, s) from [K]× [K] do
6 m← 1 // Counter of edge
7 while m ≤ |Cr||Cs| do
8 Sample p ∼ U [0, 1]
9 Let t be the smallest integer in [m, |Cr||Cs|] s.t.

p > exp (−RANGESUM(r, s,m, t))
10 if t does not exist then
11 break
12 Let (vi, vj) be the t-th edge from Cr to Cs

13 Generate Aij ∼ Pois(λij) s.t. Aij ̸= 0
14 m← t+ 1

TABLE I: Details of the Generated Benchmark Datasets
N |E| K deg density Layer Configuration
1E3 1.69E4∼1.74E4 11 9∼112 3E-2 [256,128,64]
5E3 9.51E4∼9.69E4 19 5∼164 8E-3 [1024,512,256,128]
1E4 1.95E5∼1.96E5 25 6∼180 4E-3 [4096,2048,1024,512,256]
5E4 9.97E5∼1.01E6 44 5∼205 8E-4 [4096,2048,1024,512,256]
1E5 2.01E6∼2.02E6 56 4∼209 4E-4 [4096,2048,1024,512,256]
2E5 4.04E6∼4.06E6 71 5∼230 2E-4 [4096,2048,1024,512,256]

Algorithm 2 summarizes the graph generating procedure,
where we enumerate all pairs of blocks (Cr, Cs) (r ≤ s)
and sample edges between these two blocks. The algorithm
repeatedly finds the next edge with nonzero weight (Lines 9
and 10) and determines its weight from a Poisson distribution
(Line 13). To implement Line 9, we perform a binary search
on t. To compute RANGESUM(r, s, x, y), we arrange all the
possible edges between (Cr, Cs) in a virtual |Cr|×|Cs| table.
Then we can see that a precomputed 2D prefix sum gives
RANGESUM(r, s, x, y) in O(1) time. Note that for undirected
graphs, we should ignore the lower diagonal entries in A.

V. EXPERIMENTS

A. Experiment Setups

1) Datasets: We followed the stochastic block partitioning
benchmark of the IEEE HPEC Graph Challenge to generate
test datasets from the SBM. As mentioned in Section IV, we
develop a new generator to overcome the limitations of the
original implementations in the benchmark.

We set (i) the ratio between the numbers of within-block
edges and between-block edges to 2.5 and (ii) block size
heterogeneity to 3. These configurations correspond to the
hardest setting of the benchmark. We generated graphs with
different scales by respectively setting the number of nodes
N to 1E3, 5E3, 1E4, 5E4, 1E5, and 2E5. For each setting of
N , we independently generated five graphs. Statistics of the
generated datasets are shown in Table I, where |E| and K are
the numbers of edges and blocks; deg is the node degree.

2) Baselines: We compared RaftGP with five baselines,
including MC-SBM [1], greedy modularity maximization
(GMod) [26], spectral modularity maximization (SMod) [16],
Par-SBM [27], and BP-Mod [28]. As stated in Definition 1,

we consider the GP task where the number of blocks K
is unknown and determined by the method to be evaluated.
Hence, some other baselines that need a pre-set K (e.g., metis
[29], GraClus [30], and spectral clustering [15]) could not be
included in our experiments.

Note that RaftGP has two variants with their features ex-
tracted from NCut minimization (i.e., X = M) and modularity
maximization (i.e., X = Q̃).They are denoted as RaftGP-C
and RaftGP-M, respectively.

3) Evaluation Criteria: We followed the IEEE HPEC
Graph Challenge to adopt accuracy, adjusted random index
(ARI), precision, and recall as quality metrics. Given precision
and recall, we also computed the corresponding F1-score as a
comprehensive metric considering both aspects. The runtime
(in terms of seconds) of a method to output its GP result was
used as the efficiency metric. We also define that a method
encounters the out-of-time (OOT) exception if it cannot obtain
a GP result within 1E4 seconds.

4) Parameter & Environment Settings: Layer configura-
tions of RaftGP on all the datasets are shown in Table I, where
the first and last numbers denote the input feature dimension-
ality L and embedding dimensionality d. We used Python
3.7 and PyTorch 1.13 to implement RaftGP and adopted
the official or widely-used implementations of baselines (im-
plemented by C++ and Python). All the experiments were
conducted on a server with two Intel Xeon 6130 CPUs (16
cores), one GeForce RTX3090 GPU (24GB GPU memory),
32GB main memory, and Ubuntu 18.04.5 LTS OS.

B. Quantitative Evaluation & Discussions

The average quality metrics and runtime over five generated
graphs w.r.t. each setting of N are reported in Table II,
where the quality metrics of RaftGP are in bold if they
perform the best; OOT and OOM denote the out-of-time and
out-of-memory exceptions. In addition to the total runtime,
Table III reports the time of (i) random feature extraction, (ii)
embedding derivation (i.e., GNN feedforward propagation),
and (iii) model selection for RaftGP.

Note that RaftGP does not include any training procedures.
Surprisingly, both variants of RaftGP can achieve the best
quality metrics in most cases, significantly outperforming MC-
SBM, GMod, SMod, and BP-SBM. It verifies our discussions
in Section III-B that one feedforward propagation through a
random initialized GNN is a special random projection with
the geometric properties of the aggregated features preserved,
and thus can still derive informative embeddings. Although
Par-SBM has close quality and slightly faster runtime com-
pared with RaftGP when N is small, our methods can achieve
much better quality metrics in cases with larger Ns. In this
sense, we believe that RaftGP can achieve a better trade-off
between quality and efficiency especially when N is large.

On all the datasets, the two variants of RaftGP have close
quality metrics with best performance. It validates our motiva-
tion of using M and Q̃ (extracted from the NCut minimization
and modularity maximization objectives) as informative statis-
tics for the derivation of community-preserving embeddings.



TABLE II: Quantitative Evaluation Results
N Methods Acc↑ ARI↑ F1↑ (Recall, Precision) Time↓(s) N Methods Acc↑ ARI↑ F1↑ (Recall, Precision) Time↓(s)

1E3

MC-SBM 0.9764 0.9689 0.9736 (0.9486, 1.0000) 10.4589

5E4

MC-SBM 0.9769 0.9701 0.9711 (0.9439, 1.0000) 1658.27
GMod 0.7098 0.6813 0.7309 (0.9823, 0.5820) 4.7274 GMod OOT OOT OOT >10,000
SMod 0.7098 0.5879 0.6531 (0.8675, 0.5237) 42.4847 SMod OOM OOM OOM OOM
Par-SBM 0.9984 0.9976 0.9978 (0.9959, 0.9998) 0.4022 Par-SBM 0.9748 0.9747 0.9758 (0.9998, 0.9529) 14.2388
BP-SBM 0.6904 0.6924 0.7508 (0.9999, 0.6010) 261.7399 BP-SBM OOT OOT OOT >10,000
RaftGP-C 0.9996 0.9994 0.9994 (0.9997, 0.9992) 1.6172 RaftGP-C 0.9998 0.9998 0.9998 (1.0000, 0.9996) 71.1237
RaftGP-M 0.9996 0.9994 0.9994 (0.9997, 0.9992) 1.5634 RaftGP-M 0.9998 0.9998 0.9998 (1.0000, 0.9996) 69.4147

5E3

MC-SBM 0.9841 0.9858 0.9868 (0.9739, 1.0000) 83.0489

1E5

MC-SBM OOT OOT OOT >10,000
GMod 0.6172 0.5930 0.6289 (0.9627, 0.4670) 120.4837 GMod OOT OOT OOT >10,000
SMod 0.3639 0.1939 0.2848 (0.7149, 0.1778) 1234.89 SMod OOM OOM OOM OOM
Par-SBM 0.9916 0.9894 0.9904 (0.9984, 0.9825) 1.1748 Par-SBM 0.9061 0.9096 0.9130 (0.9998, 0.8401) 38.9002
BP-SBM 0.4746 0.4755 0.5282 (0.9999, 0.3589) 3994.94 BP-SBM OOT OOT OOT >10,000
RaftGP-C 0.9998 0.9998 0.9997 (0.9999, 0.9996) 5.9843 RaftGP-C 1.0000 1.0000 1.0000 (1.0000, 1.0000) 150.6443
RaftGP-M 0.9998 0.9998 0.9997 (0.9999, 0.9996) 6.1395 RaftGP-M 1.0000 1.0000 1.0000 (1.0000, 1.0000) 154.8510

1E4

MC-SBM 0.9608 0.9495 0.9539 (0.9119, 0.9999) 313.1485

2E5

MC-SBM OOT OOT OOT >10,000
GMod OOT OOT OOT >10,000 GMod OOT OOT OOT >10,000
SMod 0.4693 0.3066 0.3721 (0.7592, 0.2464) 6609.61 SMod OOM OOM OOM OOM
Par-SBM 0.9908 0.9959 0.9962 (0.9992, 0.9933) 4.4148 Par-SBM 0.9341 0.9445 0.9461 (0.9999, 0.8978) 109.4829
BP-SBM OOT OOT OOT >10,000 BP-SBM OOT OOT OOT >10,000
RaftGP-C 0.9981 0.9974 0.9975 (0.9999, 0.9952) 15.6803 RaftGP-C 1.0000 1.0000 1.0000 (1.0000, 1.0000) 377.0465
RaftGP-M 0.9981 0.9966 0.9968 (0.9999, 0.9938) 15.6424 RaftGP-M 1.0000 1.0000 1.0000 (1.0000, 1.0000) 367.5187

TABLE III: Detailed Runtime of RaftGP in terms of Seconds
N Methods Total (s) Feat Emb Model

1E3 RaftGP-C 1.6172 0.1172 0.2454 1.2547
RaftGP-M 1.5634 0.1136 0.2320 1.2177

5E3 RaftGP-C 5.9843 0.5228 0.2525 5.2089
RaftGP-M 6.1395 0.4374 0.2537 5.4484

1E4 RaftGP-C 15.6803 2.7233 0.3040 12.6531
RaftGP-M 15.6424 2.4969 0.2788 12.8667

5E4 RaftGP-C 71.1237 11.2939 0.6683 59.1615
RaftGP-M 69.4147 10.4094 0.4556 58.5497

1E5 RaftGP-C 150.6443 23.1460 0.7190 126.7793
RaftGP-M 154.8510 24.0318 0.7432 130.0760

2E5 RaftGP-C 377.0465 62.1050 1.3236 313.6178
RaftGP-M 367.5187 57.6826 1.5124 308.3236

TABLE IV: Ablation Study of RaftGP
N Methods Acc↑ ARI↑ F1↑ (Recall, Precision)

1E3

RaftGP-C 0.9996 0.9994 0.9994 (0.9997, 0.9992)
(i) w/o Feat 0.9996 0.9994 0.9994 (0.9997, 0.9992)
(ii)w/o Emb 0.9806 0.9903 0.9916 (0.9997, 0.9836)

RaftGP-M 0.9996 0.9994 0.9994 (0.9997, 0.9992)
(i) w/o Feat 0.9996 0.9994 0.9994 (0.9997, 0.9992)
(ii)w/o Emb 0.9000 0.8936 0.9190 (0.9998, 0.8502)

5E3

RaftGP-C 0.9998 0.9998 0.9997 (0.9999, 0.9996)
(i) w/o Feat 0.9998 0.9998 0.9997 (0.9999, 0.9996)
(ii)w/o Emb 0.9846 0.9784 0.9798 (0.9999, 0.9605)

RaftGP-M 0.9998 0.9998 0.9997 (0.9999, 0.9996)
(i) w/o Feat 0.9998 0.9998 0.9997 (0.9999, 0.9996)
(ii)w/o Emb 0.1257 0.0067 0.1266 (0.9996, 0.0676)

1E4

RaftGP-C 0.9981 0.9974 0.9975 (0.9999, 0.9952)
(i) w/o Feat 0.9981 0.9967 0.9968 (0.9999, 0.9938)
(ii)w/o Emb 0.8452 0.7023 0.7534 (0.9998, 0.6045)

RaftGP-M 0.9981 0.9966 0.9968 (0.9999, 0.9938)
(i) w/o Feat 0.9981 0.9966 0.9968 (0.9999, 0.9938)
(ii)w/o Emb 0.2725 0.0914 0.1966 (1.0000, 0.1090)

5E4

RaftGP-C 0.9998 0.9998 0.9998 (1.0000, 0.9996)
(i) w/o Feat OOM OOM OOM
(ii)w/o Emb 0.0537 0.0000 0.0543 (1.0000, 0.0279)

RaftGP-M 0.9998 0.9998 0.9998 (1.0000, 0.9996)
(i) w/o Feat OOM OOM OOM
(ii)w/o Emb 0.0829 0.0261 0.0791 (0.9998, 0.0412)

As in Table III, model selection is the major bottleneck for
both variants of RaftGP, which accounts for more than 80% of
the total runtime. It implies that the random feature extraction
and GNN-based embedding derivation are efficient designs for
RaftGP with runtime better than Par-SBM.

C. Ablation Study

We also validated the effects of (i) random feature extraction
and (ii) embedding derivation (with GNN) of RaftGP by
removing the corresponding components. In case (i), X ∈
{M, Q̃} was directly used as the input of GNN (without
random projection). In case (ii), we directly treated the features
Y derived via random projection as the embedding input of
model selection (without using GNN). Results of our ablation
study on all the datasets are shown in Table IV.

Although case (i) can achieve the quality competitive to the
original RaftGP model when N is small, we encounter the
OOM exception when N ≥ 5E4. It indicates that the Gaussian
random projection can reduce the feature dimensionality while
preserving the key geometric properties of input features as
discussed in Section III-A. Moreover, the GNN-based embed-
ding derivation is essential to ensure the high quality of RaftGP
because there are significant quality declines in case (ii) with
the increase of N . It verifies our discussions in Section III-B
that the feature aggregation of GNN can enhance the ability
of RaftGP to preserve community structures.

VI. CONCLUSION

In this paper, we focused on the GP problem and proposed
a RaftGP method based on an efficient community-preserving
embedding scheme, including the random feature extraction,
random embedding derivation, and hierarchical model se-
lection. We found that a randomly initialized GNN, even
without training, is enough to derive informative community-
preserving embeddings and support high-quality GP. We eval-
uated our method on the stochastic block partitioning bench-
mark of the IEEE HPEC Graph Challenge and compared the
performance with five baselines, where a new graph generating
algorithm was developed to address some limitations of the
original data generators in the benchmark. Compared to the
baseline provided by the IEEE HPEC Graph Challenge, our
method achieves better accuracy on all test cases and takes
64.5x shorter time on large graphs. In our future work, we
plan to extend RaftGP to dynamic graphs [31]–[34].
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