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Abstract

Graph Neural Networks (GNNs) have achieved impressive
performance in semi-supervised graph anomaly detection
(GAD). While many GNN variants have been developed for
this task, they largely focus on advanced message aggregation
schemes, leaving the message routing aspect underexplored.
We argue that the commonly used broadcast-based routing
can also hinder generalization, particularly in the presence of
rare and structurally challenging (vertices with a high-degree)
anomalies. To address this, we propose Binary Message Pass-
ing (BMP), a novel routing paradigm that models the mes-
sage flow of each vertex as a binary tree (BMP tree), where
vanilla graph convolution is decoupled by its left and right
subtrees. Each vertex recursively gathers information from
neighbors with higher anomaly probabilities within each sub-
tree, thereby amplifying the propagation of anomaly informa-
tion across the topology. The anomaly probabilities are es-
timated and updated by the model itself, enabling adaptive,
self-supervised routing over iterations. Furthermore, combin-
ing multiple BMP trees into a BMP forest provides multi-
scale structural context, enhancing the expressiveness of final
vertex embeddings. Extensive experiments show that BMP
improves detection performance under limited supervision
while exhibiting better generalization across structurally di-
verse anomalies.

Code — https://github.com/Thankstaro/BMP
Extended version — https://github.com/Thankstaro/BMP

Introduction
In the era of the Web, graph data is ubiquitous. Similarly
to general anomaly detection tasks, there exist anomalies
in graphs that deviate significantly from most of the ob-
jects (Han, Kamber, and Pei 2011). Capturing these anomaly
patterns is of great value (e.g., identifying fraudulent so-
cial accounts (Adewole et al. 2017), spam (Rao, Verma,
and Bhatia 2021), fake reviews (Paul and Nikolaev 2021),
financial fraud (Ngai et al. 2011), etc.), which has led to
widespread attention on graph anomaly detection (GAD).
In real-world scenarios, the limited availability of labeled
samples for modeling—due to the large-scale nature of data
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Figure 1: Comparison between broadcast-based routing and
BMP routing. orange, green, and blue represent 1-hop, 2-
hop, and 3-hop neighbors, respectively. Arrows indicate
message passing. In BMP routing, the repeater forwards its
right child information to its parent node.

and high labeling costs—combined with the complex inter-
actions (i.e., graph topology) between samples, makes semi-
supervised GAD more challenging than anomaly detection
on traditional Euclidean data.

Currently, graph neural networks (GNNs) have achieved
remarkable success in semi-supervised graph mining tasks,
primarily due to their message-passing mechanisms (Wu
et al. 2020; Gilmer et al. 2017). In this framework, all
vertices on the graph recursively receive information from
their neighbors, allowing limited label information to prop-
agate throughout the graph. However, in GAD, there is a
common phenomenon of heterophily (Barranco, Lozares,
and Muntanyola-Saura 2019; Zhu et al. 2020) (i.e., con-
nections between normal and anomalous vertices), where
anomalous vertices can receive information from normal
ones through heterophilous edges. Moreover, as most neigh-
bors of anomalous vertices are benign (Qiao and Pang 2023),
this increases the risk of erroneous information injection.

While recent methods aim to mitigate this through ad-
vanced aggregation strategies (Liu et al. 2021; Shi et al.
2022; Tang et al. 2022; Chien et al. 2021), attribute adjust-
ment (Duan et al. 2025; Dong et al. 2025) or graph sparsifi-
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cation (Gao et al. 2023; Gong et al. 2023), they largely pre-
serve broadcast-based routing. We observed several state-of-
the-art methods and found that their generalization to high-
degree anomalous vertices—those with a large number of
neighbors—is relatively limited (in Figure 3). Such high-
degree anomalies often exhibit strong heterophily, which in
real-world scenarios may correspond to more destructive be-
haviors—for example, large-scale telecom fraud in financial
transaction networks or coordinated cyberbullying on social
platforms. This reflects the current insufficiency in address-
ing the heterophily issue. It is well known that broadcast-
based routing can fully leverage vertex degree information,
as vertices with higher degrees exhibit greater propagation
efficiency (Newman 2003). This property makes it easy to
discover communities or dense connections in graphs. How-
ever, for GAD, our focus is on the few anomalous vertices.
This leads to a fundamental yet overlooked question: is such
broadcast-based message passing suitable for GAD? Since
most vertices are benign, anomalous vertex messages are
easily drowned out in broadcast-based routing, which hin-
ders the model’s ability to learn anomaly patterns. The moti-
vation of this work is to specifically enhance the propagation
of anomalous information within the topology. Given that
anomaly information originates from sparsely distributed
anomalous vertices, a major challenge lies in effectively for-
warding it under such class-imbalanced conditions.

Based on the above analysis, we propose a novel message-
passing routing — Binary Message Passing (BMP). As
shown in Figure 1, the neighborhood of each vertex is di-
vided into two parts: dashed lines indicate connected ver-
tices with anomaly probabilities lower than its own, while
solid lines indicate the opposite. During message pass-
ing, the process follows the solid lines first (blue arrows)
and then the dashed lines (red arrows). From top to bot-
tom, we iteratively merge the vertices from the two sub-
neighborhoods, as indicated by the shaded areas in the fig-
ure. In this way, the message flow is modeled as a binary
tree, where the central vertex serves as the root node, and
the vertex sets connected by dashed and solid lines are the
left and right child nodes of their parent node. Based on this
binary tree, the vanilla graph convolution is decoupled into
two aforementioned steps, enabling the extraction of multi-
order anomaly information from the left and right subtrees.
In this second step (red arrows), the vertices with lower
anomaly probabilities act as repeaters, helping two high-
anomaly-probability vertices exchange messages.

Moreover, BMP operates in a self-supervised fashion, dy-
namically updating routing paths during training. By com-
bining multiple such trees into the BMP forest, our approach
further captures multi-scale structural context. BMP enables
the receptive fields of vertices to become asynchronous,
adapting to the complex interaction relationships on the
graph. The receptive field of a vertex depends on the net-
work depth, which can be adjusted by controlling the growth
of the trees. Extensive experiments on real-world datasets
validate the effectiveness of our method in detecting anoma-
lous vertices with diverse structural characteristics, includ-
ing both low- and high-degree cases. This work offers a new
perspective for the architectural design of GAD models.

Related Work
Heterophilous Graph Neural Networks
For general vertex classification tasks, graph heterophily
has garnered significant attention, including aspects such
as heterophily measurement, GNN architecture design, and
scalability. H2GCN (Zhu et al. 2020) separates the embed-
dings of the central vertex from its neighbors. CPGNN (Zhu
et al. 2021) learns a compatibility matrix to model ho-
mophily and heterophily in the graph. GPRGNN (Chien
et al. 2021) leverages multi-layer embeddings and assigns
corresponding weights to different layers. GloGNN (Li et al.
2022) adopts a global perspective for neighbor aggrega-
tion, enhancing GNN performance on heterophilous graphs.
ACM (Luan et al. 2022) adaptively utilizes multiple chan-
nels to extract richer local information. LRGNN (Liang et al.
2024) reformulates the label relationship matrix prediction
as a low-rank matrix approximation problem. LD2 (Liao
et al. 2024) decouples the graph propagation process, en-
suring the scalability of GNNs on heterophilous graphs.
CSBM-H (Luan et al. 2024) argues that the distinguishabil-
ity of intra-class and inter-class nodes is key to GNN perfor-
mance rather than homophily. (Platonov et al. 2023) intro-
duces the concept of label informativeness, enabling a finer
distinction among different types of heterophily.

GNN-based Graph Anomaly Detection
Anomalous vertex detection remains a vertex classification
task, which not only involves heterophily but also faces
the challenge of class imbalance, with the primary focus
on the minority class. PC-GNN (Liu et al. 2021) addresses
the class imbalance problem through a label-balanced sam-
pler and a neighborhood sampler. From a spectral perspec-
tive, BWGNN (Tang et al. 2022) addresses the phenomenon
of spectral ”right shift” caused by anomalous disturbances.
GHRN (Gao et al. 2023) treats labels as graph signals and
prunes heterophilous edges by emphasizing high-frequency
components. In the spatial domain, H2-FDetector (Shi et al.
2022) models homophilous and heterophilous connections
to attract or repel neighbors. SparseGAD (Gong et al. 2023)
sparsifies the original topology to enhance the robustness of
GNNs. GTAN (Xiang et al. 2023) models anomaly patterns
through risk propagation. PMP (Zhuo et al. 2024) proposes
a node-level adaptive grouping aggregation strategy, while
DiG-In-GNN (Zhang et al. 2024) mitigates the inconsis-
tency of features and topology caused by fraudsters’ cam-
ouflage. GAAP (Duan et al. 2025) and SpaceGNN (Dong
et al. 2025) primarily focus on node attributes. GAAP mit-
igates improper attribute fusion by employing a binning
strategy, whereas SpaceGNN projects node attributes into a
non-Euclidean space. Both methods subsequently perform
message aggregation to incorporate structural context. The
aforementioned GAD methods often adopt complex mes-
sage aggregation strategies, which, from the perspective of
this paper, compensate for the use of simple broadcast-
based message routing. However, with appropriate adjust-
ments to message routing, simple aggregation strategies can
also achieve desirable results.
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Preliminaries
In this section, we first introduce the broadcast-based mes-
sage passing routing on graphs, which is employed by the
three most popular foundational GNNs. Then, we describe
the task of graph anomaly detection, which is the focus of
this paper. In this paper, we refer to entities on the input
graph as vertices, and those on the BMP trees as nodes, to
avoid ambiguity.

Message Passing Routing
Define an undirected attribute graph G = (V, E ,X, Y ),
where V and E are the sets of vertices and edges, X ∈ Rn×d

is the vertex attributes matrix. Y ∈ {0, 1}n is the ground-
truth label, where Yi = 0 if vi is benign and Yi = 1 other-
wise. Let A ∈ Rn×n denotes the adjacency matrix. n = |V|
is the number of vertices.

For a message-passing GNN (Gilmer et al. 2017), the l-th
layer representation of vertex v is formualated as:

hl
v = UPDATE(AGG(

{
hl−1
u | u ∈ N (v) ∪ {v}

}
)), (1)

where N (v) is the set of neighbor vertices of v. The above
formula (Luo, Shi, and Wu 2024) consists of three steps:
message passing (the boxed part ), message aggregation
(AGG), and vertex updating (UPDATE).

hl
v = σ(

∑
u∈N (v)∪{v}

huÃvu hl−1
u Wl),

hl
v = σ( hl−1

v Wl
1 + ( 1

|N (v)|
∑

u∈N (v)
hl−1
u )Wl

2),

hl
v = σ(

∑
u∈N (v)

αl
vu hl−1

u Wl),

(2)

where αl
vu is the attention of edge (v, u) in l-th layer,

W is a trainable weight matrix, and σ is the activation
function. The above formulas correspond sequentially to
the three classic GNNs: Graph Convolutional Networks
(GCN) (Kipf and Welling 2017), GraphSAGE (Hamilton,
Ying, and Leskovec 2017), and Graph Attention Networks
(GAT) (Veličković et al. 2018). GCN aggregates neighbor
messages by Ã = D−1/2(A+I)D−1/2, while GraphSAGE
separately initializes the learnable weight matrices for the
central vertex’s embedding and the mean of the neighbor
embeddings, then performs summation. GAT computes at-
tention for each edge and performs a weighted sum over the
neighboring vertices.

The differences between these GNNs are mainly in AGG,
while message passing is broadcasted according to the topol-
ogy in all cases. After multiple layers of stacking, the broad-
cast range gradually increases until it covers the entire graph.
Even if the topology is adjusted, broadcasting still occurs on
the new topology. The focus of this paper is on the massage
passing, where we no longer follow the broadcast-based
routing to address the challenges of semi-supervised GAD.

Graph-based Anomaly Detection
In this paper, we focus on graph anomaly vertex detection
in a semi-supervised setting. Specifically, given the attribute
graph G = (V, E ,X, Y ) described above, we use the known

vertices in the training set to learn an anomaly detector.
The process involves encoding the vertices to be predicted,
followed by classification to identify anomalous vertices.
Therefore, GAD is essentially a binary classification task for
vertices. In a semi-supervised setting, there may be a large
number of unknown vertices, and effectively utilizing these
unknown vertices can significantly improve performance.

Methodology
In this section, we will elaborate on Binary Message Passing
(BMP) in detail. In short, the vertex anomaly probability is
randomly initialized first, and then updated by the model in
each iteration. A BMP tree is constructed based on the ab-
normal probability, then, by combining multiple BMP trees,
we obtain the backbone — the Binary Message Passing For-
est (BMP forest). Finally, we describe the optimization ob-
jective of BMP and its computational complexity.

Binary Message Passing Tree
Compared to broadcast-based routing, we model message
routing using a single binary tree. This sparse routing aligns
well with GAD, a binary classification task, while also
achieving our goal of reinforcing anomalous messages in the
routing. Let (A+I)up and (A+I)low be the upper and lower
triangular matrices (including the main diagonal) of (A +

I), respectively. Ãup = (Dup)−1/2(A + I)up(Dup)−1/2,
Ãlow = (Dlow)−1/2(A+I)low(Dlow)−1/2, Dup and Dlow

are the degree matrices of (A+I)up and (A+I)low, respec-
tively. For a p layers BMP, its q-th BMP tree T ∗

p,q decouples
the vanilla graph convolution into two independent opera-
tions: the right graph convolution T ∗

right and the left graph
convolution T ∗

left. For the central vertex v as the root node
on the tree, we first perform p layers of T ∗

right on the right
subtree to obtain ĥv . Then, ĥv is subjected to q layers of
T ∗
left on the left subtree. For T ∗

right and T ∗
left, the l-th layer

representations hl
v and ĥl

v are expressed as follows:
T ∗
right(h

l−1
v ) = σ(

∑
u∈Nup(v)∪{v}

Ãup
vu hl−1

u Wl
1)

T ∗
left(ĥ

l−1
v ) = σ(

∑
u∈Nlow(v)∪{v}

Ãlow
vu ĥl−1

u Wl
2),

(3)

where Nup(v) and Nlow(v) represent the neighborhoods
of v in Ãup and Ãlow, respectively. Since the vertices are
sorted in ascending order according to anomaly probabili-
ties P , the larger the anomaly probability, the larger the in-
dex. In Ãup, the index of the central vertex is less than or
equal to that of its neighbors, while in Ãlow, it is the op-
posite. Therefore, T ∗

right is able to capture information from
vertices with higher anomaly probabilities. Then, based on
the results of T ∗

right, performing T ∗
left can capture informa-

tion from vertices with higher anomaly probabilities in the
left subtree. p and q determine the height of the BMP tree
(i.e., the receptive field of central vertex v). At this point, the
message routing is no longer broadcast-based, but has been
sparsified into a binary tree structure. We also highlight the
message-passing component in Equation (3). Compared to
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Algorithm 1: The Message Passing Paradigm of the Binary
Message Passing Tree

Input: X′, Ãup, Ãlow, p, q, the trainable parameters{
W1

1,W
2
1, ...,W

p
1

}
and

{
W1

2,W
2
2, ...,W

q
2

}
Output: T ∗

p,q(X
′)

1: Let H0 = X′.
2: for i = 1 to p do
3: Hi = σ(ÃupHi−1Wi

1). ▷ T ∗
right

4: end for
5: Let Ĥ0 = Hp.
6: for i = 1 to q do
7: Ĥi = σ(ÃlowĤi−1Wi

2). ▷ T ∗
left

8: end for
9: Let T ∗

p,q(X
′) = Ĥq .

10: return T ∗
p,q(X

′)

existing works, the message aggregation is consistent with
GCN, but the message passing follows a different routing.
The specific message passing paradigm of the BMP tree can
be seen in Algorithm 1.

For ease of analyzing message-passing routings, we tem-
porarily omit the nonlinear activation units. When the num-
ber of network layers is L, broadcast-based routing can be
represented as ÃL. In contrast, the message-passing routing
of a single BMP tree is represented as (Ãlow)q(Ãup)p. Tak-
ing Figure 1 as an example, these two routings are Ã3 and
(Ãlow)1(Ãup)3, respectively. Essentially, we designed a
novel message-passing routing by decoupling vanilla graph
convolutions and executing them separately on two sub-
neighborhoods. Combined with the adjustment of vertex in-
dices, this routing dynamically evolves.
Proposition 1. If G is a connected graph with radius not
greater than L, ÃL ensures that all vertices have a receptive
field of L. In contrast, for (Ãlow)q(Ãup)p, when p+ q > 1,
the receptive fields of vertices are not necessarily equal, with
a maximum of p+ q and a minimum of 1.

Detailed proof can be found in Extended Version. Define
a triplet of vertex (v, u, w), where u is a common neigh-
bor of v and w. As stated in Proposition 1, in BMP, when
Pv > Pu and Pw > Pu, v and w can communicate with each
other, with u acting as a repeater. Otherwise, the two vertices
cannot communicate. Proposition 1 shows that broadcast-
based routing keeps the receptive fields of vertices synchro-
nized, whereas in BMP, the receptive fields of vertices are
asynchronous.

Binary Message Passing Forest
Based on the above BMP tree, we construct the BMP forest
by combining multiple BMP trees with different values of
q. The difference between each BMP tree lies in the range
of perception of its left subtree. As q increases, the percep-
tion range of the left subtree grows larger, covering a wider
range of vertices with higher anomaly probabilities. Finally,
the vertex representations from all BMP trees are concate-
nated to obtain the final vertex embeddings. When p is fixed,
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Figure 2: BMP Forest and Bagging Encoding (p = 3).
F∗

0 = {T ∗
0,0, T ∗

0,1, T ∗
1,0}. Each BMP tree has a different re-

ceptive field and can be regarded as a weak encoder, with the
final embedding obtained through the bagging strategy. The
farthest neighbors are marked in darker colors in each tree.

for the q-th BMP tree T ∗
p,q , it contains p layers of T ∗

right and
q layers of T ∗

left. The p-order BMP forest can then be repre-
sented as:

F∗
p =

{
T ∗
p,1, T ∗

p,2, ..., T ∗
p,p

}
. (4)

As shown in Figure 1, BMP trees rely on modeling each
vertex’s first-order neighbors, where an accurate bipartition
of the neighborhood by the central vertex contributes to con-
structing reliable routing paths. Therefore, we additionally
introduce three trees: T ∗

0,0, T ∗
0,1, and T ∗

1,0. T ∗
0,0 indicates the

features without message passing and can be considered as
information from 0-order neighbors (the central vertex it-
self). T ∗

0,1 and T ∗
1,0 cover the complete 1-order neighbor in-

formation. At this point, the complete BMP forest is repre-
sented as:

F∗ =
{
T ∗
0,0, T ∗

0,1, T ∗
1,0

}
∪ F∗

p

=
{
T ∗
0,0, T ∗

0,1, T ∗
1,0, T ∗

p,1, T ∗
p,2, ..., T ∗

p,p

}
.

(5)

Since the message routing differs across the BMP trees,
the convolution operations within these trees do not share
parameters. They independently perform the encoding oper-
ations, and then their respective encoded representations are
concatenated to obtain the final representation E.

E = Concat(
{
X′, T ∗

1,0(X
′), T ∗

0,1(X
′), ..., T ∗

p,p(X
′)
}
),

(6)
where X′ = fθ1(X) = T ∗

0,0(X
′), fθ1 is a multi-layer per-

ceptron (MLP). Figure 2 illustrates the BMP forest with
p = 3.
Proposition 2. If p+q ≤ 1, the message routing of the BMP
is equivalent to 1-hop broadcast-based routing.

The proof can be found in Extended Version. Proposi-
tion 2 illustrates the relationship between the two routings.
When both have a receptive field of 1, they are equivalent.
However, the two differ as the receptive field expands.

Optimization Objective
In BMP, the optimization objective is divided into two parts:
The first part is the supervised loss, which calculates the
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cross-entropy between the predicted probabilities of known
vertices and their labels. The second part is the consistency
loss (Wang et al. 2020; Feng et al. 2020), which aims to
obtain more robust predicted probabilities P . Since the bi-
nary message routing is based on the sorted results of the
predicted probabilities, robust predictions enhance the con-
fidence of the sorting results. Let P = fθ2(E) be the pre-
dicted probabilities, the supervised loss Lsup is given by:

Lsup = −
∑

v∈Vtrain

[Yv logPv + (1− Yv) log(1−Pv)], (7)

where Vtrain is the set of known vertices. The consistency
loss is a loss function applied to the prediction results. It
introduces noise to the encoded representations and then en-
forces that the noisy predictions are close to the original pre-
dictions. This regularizes both the encoder and the predictor,
thereby improving the robustness of the predictions. In this
work, we introduce masked noise by using a trainable mod-
ule to mask out redundant features. The calculation of the
masked representation Ẽ is as follows:

M = sigmoid(fθ3(E))

Ẽ = M⊙E,
(8)

where ⊙ denotes the element-wise multiplication, M is the
masked noise and fθ3 is the masking module, parameterized
as a multilayer perceptron. Let P̃ = fθ2(Ẽ) be the predicted
result of Ẽ, and the consistency loss Lconsisis then:

Lconsis = −
∑
v∈V′

[Y ′
v log P̃v + (1− Y ′

v) log(1− P̃v)], (9)

where Y ′ is the pseudo-label. During the validation phase,
the optimal classification threshold is obtained from the
training set to derive Y ′. The vertex set involved V ′ in
Lconsis is typically the set of unknown vertices, but in prac-
tice, known vertices are also included to improve the utiliza-
tion of the data. Finally, the total loss of BMP is:

L = Lsup + Lconsis + λ ∥M∥1 , (10)

where λ is the regularization coefficient. The third term of
L serves as the regularization term. By adjusting λ, we can
control the sparsity of M. A larger λ results in sparser M
and stronger regularization. As described above, BMP re-
quires assigning new indices to vertices based on P before
performing message passing. During iterations, to avoid fre-
quent updates, we introduce a hyperparameter T , where in-
dices are updated once every T iterations. The complete
training paradigm of BMP is outlined in Algorithm 2.

Computational Complexity
In this section, we analyze the time complexity of BMP. Ac-
cording to Algorithm 2, the costs of fθ1 , fθ2 , and fθ3 are
all O(ndd′), where d′ is the embedding dimension. Line 12,
i.e. Algorithm 1, incurs its primary cost in graph convolu-
tion, which requires O(m),m = |E|. Therefore, for F∗, as
per Equation (5), the total cost is O(p2m). The complexity
of Line 6 is O(n logn). In summary, the total cost of BMP
is O(ndd′ + p2m+ n log n).

Algorithm 2: The Training Paradigm of the BMP
Input: X, A, p, T , λ, a MLP fθ1 , the predictor fθ2 , the
masking module fθ3 , the trainable parameters of F∗

Output: fθ1 , fθ2 , fθ3 and F∗

1: Initialize the vertex indices randomly.
2: Update A and X based on the new indices.
3: Compute Ãup and Ãlow based on A.
4: for e = 1 to max epochs do
5: if e%T == 0 then
6: Assign indices to vertices according to P .
7: Update A and X based on the new indices.
8: Compute Ãup and Ãlow based on A.
9: end if

10: Let E = {}, X′ = fθ1(X).
11: for T ∗ ∈ F∗ do
12: E = E ∪ {T ∗(X′)}. ▷ Algorithm 1
13: end for
14: Get E by Equation (6). ▷ Feature concatenation
15: Get Ẽ by Equation (8). ▷ Feature masking
16: Let P = fθ2(E), P̃ = fθ2(Ẽ).
17: Optimize Equation (10) to update parameters.
18: end for
19: return fθ1 , fθ2 , fθ3 and F∗

Experiments
Datasets and Baselines
We conducted extensive evaluations on four real-world
datasets: YelpChi (Rayana and Akoglu 2015), Ama-
zon (McAuley and Leskovec 2013), T-Finance(Tang et al.
2022) and T-Social(Tang et al. 2022). YelpChi and Amazon
are two multi-relation graphs used for detecting fraudulent
reviews on products and hotels. T-Finance and T-Social are
transaction and social graphs, respectively, designed to iden-
tify anomalous accounts within them. The 13 baselines are
divided into two categories: the first includes three classical
GNNs: GCN (Kipf and Welling 2017), GraphSAGE (Hamil-
ton, Ying, and Leskovec 2017), and GAT (Veličković et al.
2018). The second comprises the current state-of-the-art
(SOTA) methods in GAD, including PC-GNN (Liu et al.
2021), BWGNN (Tang et al. 2022), H2-FDetector (Shi et al.
2022), GHRN (Gao et al. 2023), GTAN (Xiang et al. 2023),
SparseGAD (Gong et al. 2023), PMP (Zhuo et al. 2024),
DiG-In-GNN (Zhang et al. 2024), GAAP (Duan et al. 2025)
and SpaceGNN (Dong et al. 2025).

Metrics and Setting
To accurately evaluate the effectiveness of the methods,
we selected three commonly used metrics: AUC-ROC
(AUC) (Davis and Goadrich 2006), F1-macro, and Average
Precision (AP). AUC provides a comprehensive assessment
of model performance. F1-macro and AP focus more on de-
tecting anomalies. Following previous work on GAD (Tang
et al. 2022), in the semi-supervised setting, 1% of the data is
used as the training set on YelpChi, Amazon, and T-Finance,
while only 0.01% is used for T-Social. The validation and
test sets are split by 1:2. Further details, including perfor-
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Dataset(Anomaly Ratio) YelpChi(14.53%) Amazon(6.87%) T-Finance(4.58%)

Vertices / Edges 45,954 / 3,846,979 11,944 / 4,398,392 39,357 / 21,222,543

Metric AUC↑ F1-macro↑ AP↑ AUC↑ F1-macro↑ AP↑ AUC↑ F1-macro↑ AP↑
GCN(ICLR’17) 53.25±0.4 32.54±8.7 19.54±0.3 86.32±0.5 70.32±2.7 47.54±2.3 88.94±0.2 79.32±2.2 52.24±2.7

GraphSAGE(NeurIPS’17) 71.55±0.4 60.32±0.6 32.44±0.6 88.67±0.4 85.21±2.2 74.42±3.3 88.44±1.2 78.32±1.8 48.57±5.7

GAT(ICLR’18) 72.31±1.4 62.56±1.7 29.34±1.7 82.37±3.2 65.51±8.4 44.62±9.3 86.21±3.9 77.22±4.9 44.97±8.9

PC-GNN(WWW’21) 73.21±0.6 63.44±0.4 36.14±0.5 90.17±0.5 85.64±1.2 75.92±1.6 91.05±0.9 83.72±0.5 72.39±0.9

BWGNN(ICML’22) 73.07±0.6 61.54±0.4 31.24±1.2 89.34±0.7 88.92±0.9 78.69±1.3 92.04±1.8 87.02±1.7 76.35±2.9

H2-FDetector(WWW’22) 73.05±1.1 62.88±0.8 32.66±2.7 84.21±1.9 71.52±3.8 48.59±4.1 OOM OOM OOM
GHRN(WWW’23) 72.11±0.9 60.34±0.3 30.32±1.5 88.29±1.8 86.64±2.1 75.10±3.8 91.85±0.9 80.11±3.4 66.24±4.0

GTAN(AAAI’23) 72.28±1.3 57.44±2.9 30.99±2.0 84.71±8.3 81.24±7.8 66.57±9.2 93.14±0.6 86.37±0.4 78.91±0.6

SparseGAD(IJCAI’23) 73.84±0.3 55.91±2.3 35.57±0.9 92.00±1.0 81.09±0.8 81.43±0.8 93.71±0.5 87.31±1.0 80.65±0.5

PMP(ICLR’24) 74.68±0.5 61.82±1.0 34.83±1.7 90.12±1.1 86.40±1.8 76.91±2.6 93.74±0.9 86.97±1.2 77.58±2.1

DiG-In-GNN(AAAI’24) 74.37±0.7 63.12±0.5 36.63±0.6 90.22±0.3 82.31±1.3 70.68±1.3 92.82±0.9 87.61±0.2 80.45±0.4

GAAP(AAAI’25) 71.21±0.6 62.92±0.4 33.64±0.7 84.53±0.1 74.08±0.8 43.25±0.9 88.30±0.9 81.45±0.7 63.86±0.3

SpaceGNN(ICLR’25) 73.33±1.5 63.47±1.3 36.01±2.2 93.10±1.0 89.52±0.3 80.87±2.3 94.24±0.1 86.96±0.2 80.91±0.2

BMP 81.59±0.4 68.12±0.4 44.46±0.7 94.74±0.4 89.38±0.3 85.26±0.7 95.99±0.2 90.46±0.3 86.51±0.4

Table 1: Comparison of detection performance in the semi-supervised scenario (%) on YelpChi, Amazon and T-Finance, where
we show avg±std of each. OOM means the out of memory.

Dataset(Anomaly Ratio) T-Social(3.01%)

Vertices / Edges 5,781,065 / 73,105,508

Metric AUC↑ F1-macro↑ AP↑
GCN(ICLR’17) 82.45±0.9 64.45±1.2 23.67±1.4

GraphSAGE(NeurIPS’17) 70.59±1.9 57.34±0.8 9.41±0.9

GAT(ICLR’18) 74.24±2.5 62.36±2.1 17.47±2.7

PC-GNN(WWW’21) 65.31±0.5 47.39±0.2 6.20±0.1

BWGNN(ICML’22) 84.23±2.6 75.59±1.5 50.12±2.8

H2-FDetector(WWW’22) OOM OOM OOM
GHRN(WWW’23) 84.39±3.0 72.21±3.3 38.12±9.8

GTAN(AAAI’23) 86.53±5.3 69.31±5.1 34.79±3.0

SparseGAD(IJCAI’23) OOM OOM OOM
PMP(ICLR’24) 93.42±0.9 79.61±0.4 55.73±1.3

DiG-In-GNN(AAAI’24) OOT OOT OOT
GAAP(AAAI’25) 80.75±1.1 65.51±7.5 23.65±9.8

SpaceGNN(ICLR’25) 94.83±0.6 86.78±0.4 77.84±2.4

BMP 96.18±0.3 91.96±0.4 87.13±0.8

Table 2: Detection performance in the semi-supervised sce-
nario (%) on T-Social. OOT means the out of time (> 24h).

mance under varying training ratios, runtime efficiency, hy-
perparameter configurations and other specific experimental
settings, are provided in the Extended version.

Performance
The results of the performance comparison experiments are
reported in Table 1 and 2. The best and second-best per-
formances are highlighted using bold and underline, re-
spectively. Overall, BMP demonstrates a significant advan-

tage over other baselines, achieving improvements ranging
from 4.7% to 21.38% across four datasets. H2-FDetector,
SparseGAD and DiG-In-GNN exhibit a certain level of de-
tection capability but suffer from low scalability. PMP’s
group aggregation strategy demonstrates strong adaptability;
however, it is constrained by the broadcast-based routing,
which is particularly evident on the large graph (T-Social).
As the best-performing baseline overall, SpaceGNN reveals
the potential of mapping vertex attributes into multiple fea-
ture spaces. The AP score reflects the confidence of the pre-
diction probabilities, which in turn demonstrates the reliabil-
ity of the binary message-passing routing and its positive im-
pact on classification performance. This provides evidence
for the effectiveness of the proposed method.

In Figure 3, we present the detection preferences of mod-
els toward anomalies with different structural characteristics
(high-degree or low-degree). We use the average degree of
anomalous vertices in the dataset as a threshold (i.e. Global
Avg Degree), treating those with degrees above this value
as high-degree anomalies. We report the relative percent-
age increase in the number of high-degree anomalies, where
100% denotes the lowest number of high-degree anomalies
observed across methods on this dataset. Compared to state-
of-the-arts, BMP achieves a 10%–17% relative increase
in the number of high-degree anomalies detected, while
maintaining overall detection performance. On YelpChi and
T-Finance, BMP captures anomalous vertices with higher
maximum degrees. On Amazon, BMP significantly im-
proves the detection of anomalies with degrees in the range
of 600 to 800. For the large-scale graph T-Social, BMP also
achieves the highest relative improvement, on par with that
observed on YelpChi. Notably, SpaceGNN—despite its focus
on vertex attributes—never ranks as the worst-performing
model. Combined with BMP’s performance, this further sug-
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Figure 3: The degree distribution of the detected anomaly. G. Avg. Deg. is the global average degree of the abnormal vertices.

Dataset YelpChi Amazon T-Finance T-Social

Metric AUC↑ F1-macro↑ AP↑ AUC↑ F1-macro↑ AP↑ AUC↑ F1-macro↑ AP↑ AUC↑ F1-macro↑ AP↑
BMPw/o MS 81.23 67.22 42.55 94.31 89.01 83.18 95.91 89.87 85.06 86.85 68.83 32.55

BMPw/o consis 81.00 67.53 42.32 87.27 84.90 72.79 95.33 89.03 84.78 93.88 88.06 82.40

BMP 81.59 68.12 44.46 94.74 89.38 85.26 95.99 90.46 86.51 96.18 91.96 87.13

Table 3: Results of ablation experiments for BMP (%).

gests that the key to advancing semi-supervised GAD may lie
beyond the design of message aggregation mechanisms.

Ablation Study
We conducted ablation studies on the multi-scale trees en-
semble strategy and the consistency loss, the experimen-
tal results are reported in Table 3. BMPw/o MS denotes
the variant where the forest F∗ contains only T ∗

p,p, while
BMPw/o consis removes the consistency loss component.

Multi-scale. Integrating BMP trees with different recep-
tive fields enables the model to capture information from
first-order and higher-order neighbors, leading to varying
degrees of improvement across all four datasets. The gains
are particularly evident in F1-macro and AP scores, high-
lighting the direct impact of multi-scale structural context on
anomaly detection.On T-Social, the AP metric increased by
nearly threefold. For large-scale graphs, the number of ver-
tices involved in the binary tree is relatively large, low-order,
even first-order, neighborhood information of vertices helps
mitigate the cumulative modeling error in message routing.
Therefore, incorporating such trees are recommended.

Consistency loss. Consistency loss helps further improve
performance under effective modeling, as it contributes to
preventing overfitting and enhancing the propagation of lim-
ited labels. It regularizes the prediction outcomes, enabling
nodes to be assigned more stable indices, which in turn facil-
itates more reliable routing construction. However, if there
are issues with the modeling, consistency loss alone is insuf-
ficient to compensate (e.g. BMPw/o MS on T-Social).

Sensitivity Analysis
The p in BMP. According to Proposition 1, p controls the
receptive field of vertices. Figure 4a shows the AP scores as
p varies from 1 to 3. For smaller graphs, shallow networks
are often sufficient. For T-Social, deeper networks improve
performance. One possible reason is that T-Social is sparser
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Figure 4: The impact of different p and T on performance.

compared to other graphs, and capturing complex anomaly
patterns requires a larger receptive field.
The T in BMP. We also report the AP scores for T ranging
from 10 to 90 across different datasets in Figure 4b. Overall,
the model demonstrates stable performance across different
values of T . For certain datasets, such as Amazon, slight
fluctuations occur in later stages. As the smallest graph in
scale, Amazon may experience overfitting with increasing T
due to delayed index updates, which can affect the stability
of BMP routing and should be monitored. Through extensive
empirical validation, we typically set T = 50 in practice.

Conclusion
This paper introduces a novel GAD method from the
perspective of message-passing routing: Binary Message-
Passing routing (BMP). BMP models the message flow of
vertices as a binary tree based on their anomaly probabil-
ities, aiming to enhance the propagation of anomaly infor-
mation within the topology and address the challenges faced
by broadcast-based message routing in GAD. Extensive ex-
periments validate the effectiveness of BMP. In the future,
extending the binary tree to an N -ary tree to adapt to multi-
class classification could be a promising direction.
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