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Abstract—Unsupervised graph anomaly detection is funda-
mentally challenged by the difficulty of distinguishing inherent
data noise from genuine out-of-distribution anomalies. Although
evidential deep learning offers a computationally efficient frame-
work for uncertainty quantification, its direct adaptation to graph
anomaly detection exposes three unresolved pathologies. First,
continuous attribute regression suffers from evidence contraction,
where suppressed evidence counts induce vanishing gradients
that degrade shared encoder representations. Second, topology
reconstruction exhibits structural confidence bias, as extreme
edge sparsity drives the model toward globally overconfident
predictions for edge absence. Third, existing anomaly scoring
relies on linear aggregation of reconstruction error and epis-
temic uncertainty, which neglects their nonlinear interaction
and renders the score unreliable under moderate uncertainty.
To address these limitations, we propose MVEA, a Multi-View
Evidential Alignment framework that integrates multi-view evi-
dential learning with robust anomaly evaluation. We introduce a
gradient compensation mechanism via latent evidential clustering
to mitigate the risk of regression collapse. For structure learning,
we design a cost-sensitive evidential strategy with dual-branch
decoding and contrastive ranking to rectify confidence bias. We
further propose a neighborhood distribution alignment module
to enforce local semantic consistency beyond individual node
reconstruction. Finally, we devise an uncertainty-rectified scoring
function with a U-shaped gating mechanism to suppress ambigu-
ous noise while amplifying reliable anomaly signals. Extensive
experiments on benchmark datasets demonstrate that MVEA
achieves superior detection accuracy and robustness compared
to state-of-the-art methods.

Index Terms—Unsupervised Graph Anomaly Detection, Deep
Evidential Learning, Uncertainty Quantification

I. INTRODUCTION

Graph anomaly detection is pivotal for addressing security
issues in graph-structured data [1]. Since anomalies typically
lack supervisory signals, unsupervised paradigms based on
reconstruction error dominate the field [2]. However, relying
solely on reconstruction error is insufficient for complex sce-
narios, as it fails to distinguish between inherent data noise and
genuine out-of-distribution anomalies [3]. Recently, evidential
deep learning has emerged as a computationally efficient
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deterministic alternative to Bayesian methods for uncertainty
quantification [4]. By framing reconstruction as a parameter
estimation problem for higher-order conjugate prior distribu-
tions, evidential deep learning theoretically allows models to
jointly output predictions and calibrated confidence estimates
in a single forward pass.

However, our theoretical analysis and empirical observa-
tions reveal that naively integrating evidential deep learning
into graph anomaly detection provokes three fundamental
pathologies. First, continuous attribute reconstruction suffers
from evidence contraction [5]. In Normal-Inverse-Gamma
regression, optimization algorithms tend to suppress the ev-
idence count toward zero when encountering high-error nodes
to minimize penalties, inducing vanishing gradients that cause
the regression head to stagnate and representation learning to
degrade. Second, topology reconstruction exhibits structural
confidence bias. Driven by extreme graph sparsity, the model
is dominated by negative edge samples, resulting in globally
biased high-confidence predictions for edge absence while
failing to appropriately express uncertainty on sparse authentic
edges. Third, anomaly scoring suffers from a reliability blind
spot. Existing linear weighting strategies overlook that recon-
struction error is a trustworthy anomaly indicator only when
the model is in a decisive state, as moderate error combined
with moderate uncertainty tends to misclassify ambiguous
noise as genuine anomalies. A schematic illustration of the
first two pathologies is provided in Figure 1.
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Fig. 1. Schematic illustration of attribute evidence contraction and structural
confidence bias in evidential graph anomaly detection.



To address these limitations, we propose MVEA, a trust-
worthy multi-view evidential alignment framework with three
targeted contributions. To mitigate evidence contraction, we
introduce a gradient compensation mechanism via latent evi-
dential clustering, which imposes a parallel clustering objec-
tive on the shared representation to sustain continuous gradient
flow even when the regression branch saturates. For structural
confidence bias, we propose a cost-sensitive evidential learning
strategy that employs a dual-branch decoder to decouple
evidence generation for edge existence and absence, coupled
with a contrastive ranking loss to optimize the relative ordering
of structural beliefs prior to probability fitting. We further
incorporate a neighborhood distribution alignment module to
constrain the statistical moments of reconstructed neighbor-
hoods, enforcing local semantic consistency beyond individ-
ual node reconstruction. Finally, we design an uncertainty-
rectified scoring mechanism based on a U-shaped certainty
coefficient, which non-linearly modulates the reconstruction
error to suppress its contribution under cognitive ambiguity
and amplify it under high confidence, thereby robustly sepa-
rating genuine anomalies from noise. Extensive experiments
on five benchmark datasets validate the effectiveness of the
proposed method. The source code is publicly available at
https://github.com/currywhite30/MVEA-GAD.

II. RELATED WORK

A. Unsupervised Graph Anomaly Detection

Unsupervised graph anomaly detection has become the
predominant approach due to the scarcity of labeled anomalies
[6]. The field is largely built upon graph autoencoders, exem-
plified by DOMINANT [7], which detects anomalies by jointly
minimizing node attribute and graph structure reconstruction
errors. Subsequent research has increasingly adopted con-
trastive learning frameworks to capture richer topological se-
mantics. Methods such as CONAD [8] enforce representation
invariance between original and artificially perturbed graphs,
while MuSE [9] contrasts multi-scale topological views to
identify anomalies at varying granularities. Recent innova-
tions move beyond simple reconstruction, with GAD-NR [10]
leveraging neighborhood reconstruction under homophily as-
sumptions and G3AD [11] introducing guarding mechanisms
to resist anomalous information propagation during message
passing. Despite their effectiveness, these deterministic models
remain susceptible to overconfident errors when handling
complex anomalies, as they lack principled mechanisms to
quantify predictive uncertainty.

B. Uncertainty Quantification on Graphs

Uncertainty quantification enhances the reliability of graph
learning systems by estimating predictive confidence [12].
Traditional Bayesian methods such as variational inference and
Monte Carlo dropout provide probabilistic guarantees but often
incur substantial computational costs that limit scalability
to large graphs [13], [14]. As a computationally efficient
alternative, evidential deep learning directly models predictive
distributions as higher-order conjugate priors, with methods

such as GPN [15] employing Dirichlet distributions to identify
out-of-distribution nodes in a single forward pass. Conformal
prediction has also been adapted to graphs to deliver statis-
tically rigorous coverage guarantees [16], [17]. While these
techniques are well-established for node classification tasks,
their principled extension to unsupervised anomaly detection
remains an open and underexplored area.

C. Uncertainty-Aware Graph Anomaly Detection

Integrating uncertainty quantification into graph anomaly
detection is an emerging direction aimed at improving in-
terpretability and detection robustness [3], [18]. OODGAT
[19] explicitly models out-of-distribution nodes during graph
propagation to better separate known-class deviations from
unknown anomalies. MITIGATE [20] employs multi-task ac-
tive learning to quantify node informativeness and guide
sample selection in low-label settings. Within purely unsu-
pervised paradigms, recent frameworks model reconstruction
likelihoods using evidential distributions, quantifying both
structural and attribute uncertainty through higher-order ev-
idence accumulation [3]. This evidential modeling reduces the
sensitivity of traditional autoencoders to noise contamination
and provides a principled confidence measure for anomaly
scoring.

III. PRELIMINARY

A. Problem Definition

Let G = (V, E ,X) denote an attributed graph with node set
V of size N , edge set E , adjacency matrix A ∈ 0, 1N×N ,
and node feature matrix X ∈ RN×D. The objective of
Unsupervised Graph Anomaly Detection is to learn a scoring
function f : V → R that assigns anomaly scores based on
deviations in structural or attribute patterns, using only G
during training [2].

B. Evidential Deep Learning Theory

Evidential Deep Learning quantifies uncertainty by treating
model outputs as parameters of conjugate prior distributions.
For continuous attributes, a Normal-Inverse-Gamma prior is
placed over the Gaussian likelihood parameters (µ, σ2):

p(µ, σ2|γ, ν, α, β) =
√
νβα

√
2πΓ(α)

(
1

σ2

)α+ 3
2

× exp

(
−2β + ν(µ− γ)2

2σ2

) (1)

with aleatoric uncertainty E[σ2] = β
α−1 and epistemic uncer-

tainty Var[µ] = β
ν(α−1) [21]. For binary structures, a Beta prior

models the Bernoulli likelihood:

p(p|α, β) = Γ(α+ β)

Γ(α)Γ(β)
pα−1(1− p)β−1 (2)

where the total evidence S = α + β yields uncertainty u =
2/S [3]. Categorical uncertainty is modeled via a Dirichlet
prior with concentration parameters α = [α1, . . . , αK ], giving
ucluster = K/

∑K
k=1 αk [22].



IV. METHODOLOGY

MVEA adopts an encoder-decoder architecture with multi-
view evidential alignment at the decoding stage. Given an
attributed graph G = (V, E ,X), a shared graph neural network
encoder fenc maps node attributes and graph structure into a
low-dimensional latent space:

Z = fenc(X,A; Θenc) (3)

The latent representation Z is simultaneously fed into three
parallel branches: an attribute evidential decoder, a struc-
ture evidential decoder, and a latent clustering head. These
branches are jointly optimized end-to-end to exploit comple-
mentary information across views. The overall framework is
illustrated in Figure 2.

A. Attribute Evidential Reconstruction

1) Theoretical Analysis of Evidence Contraction: In the
Normal-Inverse-Gamma regression framework, the model
minimizes the negative log-likelihood loss LNLL to estimate
the parameters θ = {γ, ν, α, β}. The gradient driving the
update of the predicted mean γ is given by [5]

∂LNLL

∂γ
= −(2α+ 1)

(x− γ)ν

(x− γ)2ν + 2β(1 + ν)
(4)

For anomalous nodes with large reconstruction errors, the
optimizer tends to suppress the evidence count ν toward zero
to reduce penalties rather than adjust network parameters to
fit the observations, as the former incurs lower update costs
[5]. Since ν is parameterized via ν = Softplus(oν), driving
ν → 0 forces the logit oν → −∞. Substituting ν → 0 into
Equation 4 reveals a vanishing gradient:

lim
ν→0

∂LNLL

∂γ
= 0 (5)

Furthermore, the gradient with respect to the network weights
also vanishes through the activation saturation:

∂LNLL

∂oν
=

∂LNLL

∂ν
· σ′(oν)

oν→−∞−−−−−→ 0 (6)

Consequently, for the most informative hard samples such as
anomalous nodes, the regression head stops providing mean-
ingful gradients for representation learning, causing encoder
updates on these nodes to stagnate.

2) Latent Evidential Clustering with Gradient Compensa-
tion: To mitigate evidence contraction, we introduce a gradi-
ent compensation mechanism via latent evidential clustering.
A parallel clustering head is imposed on the shared latent
representation, parameterized by a Dirichlet distribution. The
total objective is J = LNLL + λcLclus, where Lclus is the KL
divergence between the soft assignment distribution Q and
the sharpened target distribution P [23]. The soft assignment
probability qij between node embedding hi and centroid cj is
computed via the Student-t kernel, and the target distribution is
obtained by squaring and renormalizing Q to enforce compact
cluster assignments.

The total gradient with respect to the shared embedding h
is

∇hJ =

(
∂LNLL

∂ν
σ′(oν)

)
wν︸ ︷︷ ︸

Regression Term (→0)

+λc ∇hLclus︸ ︷︷ ︸
Clustering Term

(7)

When evidence contraction occurs and σ′(oν) ≈ 0, the
regression term vanishes. The clustering gradient with respect
to hi remains analytically non-zero:

∇hi
Lclus =

K∑
j=1

(
1 + ∥hi − cj∥2

)−1
(pij − qij)(hi − cj) (8)

Anomalous node embeddings typically reside in low-density
regions far from cluster centroids or near cluster boundaries
with high assignment entropy [24]. This structural mismatch
keeps the assignment discrepancy (pij−qij) and displacement
(hi − cj) large, sustaining a non-zero clustering gradient
that continues to update the shared encoder. These updates
gradually push the logit oν out of the saturation region,
partially restoring gradient flow through the regression branch.
The attribute view loss is

Lattr = LNLL + Lreg + Lclus (9)

where Lreg is a KL regularization term between the pre-
dicted Normal-Inverse-Gamma distribution and an uninfor-
mative prior, preventing overconfident predictions in sparse
evidence regions.

B. Structure Evidential Reconstruction
1) Analysis of Structural Confidence Bias: Graph topology

reconstruction faces a severe class imbalance problem, where
negative edge samples vastly outnumber positive edges. In
the evidential learning context, this imbalance causes the
aggregate gradient to be dominated by the negative class. The
model is driven to globally maximize the absence evidence β,
so that for true edges that are difficult to reconstruct, it inherits
this global bias and outputs a high β rather than the appropriate
low-evidence high-uncertainty response. The model thereby
produces overconfident yet erroneous predictions for edge
absence rather than expressing the epistemic uncertainty that
structural anomalies warrant.

2) Cost-Sensitive Evidential Learning: To rectify structural
confidence bias, we propose a multi-stage cost-sensitive objec-
tive that decouples evidence generation, aligns relative confi-
dence rankings, and calibrates the distribution with targeted
regularization.

Dual-Branch Evidential Generation. We decouple the
generation of positive and negative evidence by projecting
node representations into two distinct latent spaces Hα and
Hβ via independent projection heads. The evidential parame-
ters for each node pair (i, j) are computed as:

Eα = Softplus(HαH
⊤
α ) + 1, Eβ = Softplus(HβH

⊤
β ) + 1

(10)
The offset of 1 enforces αij , βij ≥ 1, ensuring the Beta distri-
bution remains unimodal and capable of expressing interme-
diate uncertainty rather than collapsing to bimodal extremes.
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Fig. 2. The overall framework of the proposed MVEA.

Contrastive Ranking on Evidential Logits. We define
the evidential logit sij as the log-odds of the expected edge
probability:

sij = log(αij)− log(βij) (11)

Rather than supervising absolute probability values directly,
we optimize the relative ordering of structural beliefs via an
InfoNCE-style ranking loss [25]:

Lrank =
∑
i∈V

log
∑
k∈V

exp(sik/τ)−
1

|N (i)|
∑

j∈N (i)

sij/τ


(12)

where τ is a temperature parameter. This loss lifts the eviden-
tial logits of true neighbors above the aggregate background,
mitigating the sparsity-induced bias without relying on abso-
lute probability thresholds.

Error-Aware Uncertainty Regularization. To calibrate the
absolute evidence magnitude, we introduce an error-aware KL
divergence that penalizes confident incorrect predictions. For
each node pair (i, j), the regularization is weighted by the
prediction error [3]:

ℓ
(ij)
KL = |Aij − pij | · KL[Beta(αij , βij) ∥ Beta(1, 1)] (13)

This dynamic constraint forces evidence parameters toward
1 when predictions deviate from ground truth, converting
overconfident errors into appropriately uncertain predictions.
The loss is aggregated separately for positive and negative
edges to handle sparsity:

LKL =
λpos

|E|
∑

(i,j)∈E

ℓ
(ij)
KL +

λneg

|Ē |
∑

(i,j)/∈E

ℓ
(ij)
KL (14)

Misleading Evidence Penalty. To further suppress over-
confident erroneous predictions, we directly penalize evidence

parameters that contradict the ground truth:

Lmis =
λpos

|E|
∑

(i,j)∈E

(βij − 1) +
λneg

|Ē |
∑

(i,j)/∈E

(αij − 1) (15)

The total structural loss is Lstruct = Lrank + LKL + Lmis.

C. Neighborhood Distribution Alignment

Individual node reconstruction often fails to capture collec-
tive anomaly patterns at the subgraph level [10]. We propose
a neighborhood distribution alignment module that constrains
the statistical moments of reconstructed neighborhoods to
match their ground-truth counterparts. The ground-truth neigh-
borhood mean and variance for node vi are computed under
a diagonal Gaussian approximation:

µ = D−1AX, σ2 = D−1A(X⊙X)− µ2 (16)

On the reconstructed side, the soft adjacency matrix Â is
derived from the posterior expectation of the Beta distribution:

Âij = E[pij ] =
αij

αij + βij
(17)

The reconstructed neighborhood statistics are then computed
using Â and the predicted attribute matrix X̂ = γ:

µ̂ = D̂−1ÂX̂, σ̂2 = D̂−1Â(X̂⊙ X̂)− µ̂2 (18)

The alignment loss minimizes the KL divergence between the
ground-truth and reconstructed neighborhood distributions:

Ldist =
∑
i∈V

KL
(
N (µi, diag(σ2

i )) ∥ N (µ̂i, diag(σ̂2
i ))

)
(19)

This module couples the attribute and structure views at the
subgraph level, enabling the detection of collective anomalies
that evade node-wise reconstruction.



D. Overall Objective

The total training objective combines the three complemen-
tary losses:

Ltotal = γ1Lattr + γ2Lstruct + γ3Ldist (20)

where γ1, γ2, γ3 balance the contribution of each view. At in-
ference, a single forward pass yields all evidential parameters,
enabling efficient anomaly scoring without sampling or post-
processing.

E. Uncertainty-Rectified Anomaly Scoring

1) Limitations of Linear Aggregation: Existing evidential
graph anomaly detection methods derive anomaly scores as
a linear combination S = (1 − λ)Rec + λUnc. This for-
mulation implicitly treats reconstruction error and epistemic
uncertainty as independent indicators, overlooking their non-
linear interaction. Genuine anomalies manifest in two distinct
patterns. Structural anomalies exhibit high reconstruction error
coupled with low uncertainty, indicating that the model is
confident yet incorrect. Out-of-distribution anomalies exhibit
high uncertainty, reflecting the model’s insufficient knowledge
of these samples. Ambiguous noise, by contrast, produces
moderate error and moderate uncertainty simultaneously. The
linear aggregation fails to separate this third category, as the
summation of moderate values can exceed the score of genuine
structural anomalies, producing false positives.

2) Rectified Scoring via U-Shaped Gating: We propose a
non-linear scoring mechanism grounded in the observation that
reconstruction error is a reliable anomaly indicator only when
the model is in a decisive state, either with high confidence or
complete ignorance, and becomes unreliable under cognitive
ambiguity. Let Rectotal ∈ [0, 1] and Unctotal ∈ [0, 1] denote the
min-max normalized total reconstruction error and epistemic
uncertainty, respectively. We define a U-shaped certainty co-
efficient:

κ(Unctotal) = (2 · Unctotal − 1)2 (21)

This parabolic function attains its minimum of zero at Unc =
0.5, completely suppressing the error contribution under max-
imal ambiguity, and recovers to one at both extremes, fully
activating the error signal under decisive model states. The
final anomaly score for node vi is:

Score(vi) = (1− λ) · Rectotal,i · κi + λ · Unctotal,i (22)

where λ balances the contribution of the gated reconstruction
error and the uncertainty term. This design amplifies the
penalty for high-confidence errors while suppressing ambigu-
ous noise, yielding a more precise anomaly ranking.

V. EXPERIMENTS

A. Experimental Setup

1) Datasets: We evaluate MVEA on five heterogeneous
benchmarks spanning social (Weibo, Reddit), communication
(Enron), and e-commerce (Disney, Books) domains [26],
[27]. These datasets exhibit diverse topological sparsity and
attribute dimensionality, providing a robust testbed where

anomalies correspond to semantic outliers such as spammers,
banned users, and fraudulent actors.

2) Baselines and Metrics: We benchmark MVEA against
six state-of-the-art methods: classic reconstruction mod-
els (DOMINANT [7], AnomalyDAE [28]); augmented
frameworks incorporating contrastive or neighborhood con-
straints (CONAD [8], GAD-NR [10], G3AD [11]); and the
uncertainty-aware evidential model GEL [3]. Evaluation is
performed using AUC for overall detection accuracy and
Recall@K [2] to assess the capability of retrieving top-ranked
anomalies.

B. Main Results

1) Performance Analysis: As presented in Table I, MVEA
achieves state-of-the-art performance on three benchmarks in-
cluding Reddit, Disney, and Books while securing competitive
rankings on Weibo, thereby demonstrating robust improve-
ments over representative baselines. Specifically, our method
outperforms traditional reconstruction-based methods such as
AnomalyDAE and consistently surpasses auxiliary-enhanced
models like GAD-NR on complex datasets. Compared to the
strongest evidential competitor GEL, MVEA exhibits distinct
advantages in differentiating anomalies. While GEL remains
competitive on Enron, our model achieves substantial gains
elsewhere, peaking with an AUC improvement of approx-
imately 2.3% on Disney. Notably, MVEA demonstrates a
remarkable leap in Recall@K, a metric critical for practical
high-confidence detection. For instance, on the Reddit dataset,
it improves Recall@K by over 260% compared to GEL and
achieves a 53% relative improvement on Disney. This perfor-
mance leap is attributed to two fundamental advancements.
First, unlike GEL which is prone to evidence contraction, our
high-fidelity evidence construction integrates latent clustering
and structure-aware constraints to compel the learning of
semantically meaningful evidential parameters. Second, in
contrast to the simplistic linear aggregation employed by
baselines, our non-linear uncertainty rectification models the
interaction between reconstruction error and epistemic un-
certainty. By utilizing the certainty coefficient as a dynamic
gate, this mechanism effectively amplifies the penalty for
high-confidence errors while suppressing the contribution of
uncertain noisy samples to yield a significantly more precise
anomaly ranking.

2) Ablation Study: To rigorously verify the contribution of
each component within MVEA, we conduct a comprehensive
ablation study on the Reddit dataset, incrementally evaluating
Latent Evidential Clustering, the Structure-aware Objective,
the Neighborhood Constraint, and the Uncertainty-Rectified
Scoring mechanism as summarized in Table II. First, regarding
attribute reconstruction, solely minimizing the negative log-
likelihood in Variant A proves insufficient due to potential
evidence contraction. The integration of Latent Evidential
Clustering in Variant B boosts the AUC to 59.30%, confirming
that clustering constraints act as critical regularizers to enforce
compact semantic prototypes. Second, for topology modeling,
the ranking-based objective in Variant D surpasses the standard



TABLE I
PERFORMANCE COMPARISON (MEAN ± STD%) WITH STATE-OF-THE-ART BASELINES ON FIVE BENCHMARK DATASETS. THE BEST RESULTS ARE

HIGHLIGHTED IN BOLD, AND THE SECOND-BEST ARE UNDERLINED. METRICS INCLUDE AUC AND RECALL@K (REC@K).

Method
Weibo Reddit Enron Disney Books

AUC Rec@K AUC Rec@K AUC Rec@K AUC Rec@K AUC Rec@K

DOMINANT 85.0±14.6 19.7±13.8 56.0±0.2 0.9±0.4 73.1±8.9 0.0±0.0 47.1±4.5 3.3±6.7 50.1±5.0 1.6±3.1
AnomalyDAE 91.5±1.2 42.2±23.7 55.7±0.4 0.9±0.5 54.3±11.2 0.0±0.0 48.8±2.2 0.0±0.0 62.2±8.1 2.7±2.2

GAD-NR 87.71±5.39 28.5±5.4 57.99±1.67 1.6±0.5 80.87±2.95 0.0±0.0 76.76±2.75 12.4±2.8 65.71±4.98 3.9±1.5
CONAD 85.4±14.3 20.3±13.3 56.1±0.1 1.3±1.6 71.9±4.9 0.0±0.0 48.0±3.5 0.8±3.6 52.2±6.9 1.7±2.9
G3AD 95.1±1.35 52.1±4.2 62.1±0.22 2.4±0.8 72.39±2.9 0.0±0.0 65.3±1.7 6.8±1.5 54.0±4.2 1.8±0.9

GEL 89.32±3.36 35.6±3.3 62.76±2.42 2.9±0.6 82.34±2.93 0.0±0.0 78.21±4.94 15.2±3.4 70.79±3.16 5.5±1.2
MVEA (Ours) 91.91±4.0 35.7±2.1 63.38±2.2 10.66±2.5 80.46±2.24 0.0±0.0 80.5±0.7 23.3±5.4 71.6.0±1.2 6.43±3.7

TABLE II
ABLATION STUDY OF MVEA ON THE REDDIT DATASET. WE INCREMENTALLY EVALUATE THE EFFECTIVENESS OF LATENT EVIDENTIAL CLUSTERING

(LEC), COST-SENSITIVE EVIDENTIAL LEARNING (INFONCE), NEIGHBORHOOD CONSTRAINT (NEIGH.), AND UNCERTAINTY-RECTIFIED SCORING
(RECTIFIED). ”LINEAR” DENOTES LINEAR SUMMATION OF ERROR AND UNCERTAINTY.

Variant Attribute Recon. Structure Recon. Neigh. Scoring Function AUC (%)
NLL+Reg LEC BCE Ranking Linear Rectified

A ✓ ✗ ✗ ✗ ✗ ✓ ✗ 58.52
B ✓ ✓ ✗ ✗ ✗ ✓ ✗ 59.30

C ✗ ✗ ✓ ✗ ✗ ✓ ✗ 57.49
D ✗ ✗ ✗ ✓ ✗ ✓ ✗ 58.18

E ✓ ✓ ✗ ✓ ✗ ✓ ✗ 61.28

F ✓ ✓ ✗ ✓ ✓ ✓ ✗ 62.24
MVEA ✓ ✓ ✗ ✓ ✓ ✗ ✓ 63.38

Binary Cross Entropy used in Variant C. This indicates that
prioritizing relative edge ordering yields more discriminative
structural evidence in sparse graph scenarios compared to
classification-based losses which are prone to class imbalance.
Further building upon the integrated baseline of Variant E,
the inclusion of the Neighborhood Constraint in Variant F
elevates the AUC to 62.24%. This demonstrates that explicitly
enforcing distribution consistency between reconstructed and
ground-truth neighborhoods captures subtle local anomalies
often overlooked by node-wise reconstruction alone. Finally,
replacing the linear aggregation with our Uncertainty-Rectified
Scoring achieves the optimal performance of 63.38%. This
significant improvement validates that non-linearly modulating
reconstruction error via the certainty coefficient effectively
decouples aleatoric noise from epistemic anomalies, thereby
resolving the reliability blind spot inherent in simplistic linear
combinations.

3) Robustness Analysis: Real-world graphs are often sus-
ceptible to corruption. To evaluate the resilience of MVEA
in non-ideal scenarios, we conduct robustness tests on the
Weibo dataset by simulating two types of perturbations:
Gaussian attribute noise injection and structural adversarial
attacks (DICE). Table III reports the performance comparison
against the strongest baseline, GEL, across perturbation rates
ranging from 0% to 30%. As observed, while both methods
experience performance degradation as corruption intensifies,

TABLE III
ROBUSTNESS COMPARISON (AUC %) ON WEIBO DATASET UNDER

ATTRIBUTE PERTURBATION AND STRUCTURAL ATTACK (DICE). UGAD
DEMONSTRATES SLOWER PERFORMANCE DECAY COMPARED TO GEL.

Rate Attribute Perturbation Structural Attack
GEL UGAD GEL UGAD

0% 89.32 91.91 89.32 91.91
10% 85.15 89.40 84.76 88.65
20% 79.80 86.25 78.92 85.10
30% 72.45 82.33 74.50 83.10

MVEA exhibits significantly superior stability. Specifically,
under attribute noise, MVEA maintains an AUC of over
86% even at a 20% perturbation rate, whereas GEL suffers
a sharper decline. This resilience stems from our Latent
Evidential Clustering (LEC) module, which effectively filters
feature jitter as aleatoric uncertainty. Similarly, in the face
of structural attacks that disrupt homophily, our Contrastive
Ranking mechanism prioritizes the relative ordering of reliable
neighbors, allowing MVEA to outperform GEL by a margin
of 8.6% at the 30% attack rate. These results confirm that
MVEA effectively rectifies uncertainty to mitigate the impact
of data noise and adversarial anomalies.



VI. CONCLUSION

We have introduced MVEA, a robust graph anomaly de-
tection framework that effectively bridges the gap between
reconstruction-based learning and uncertainty quantification.
Through Latent Evidential Clustering and a novel Uncertainty-
Rectified Scoring mechanism, MVEA successfully overcomes
the evidence contraction and linear aggregation flaws inherent
in prior works. Empirical results on five datasets confirm that
our method not only establishes new state-of-the-art results in
terms of AUC and Recall@K but also maintains exceptional
stability under adversarial noise. These findings underscore
the necessity of non-linear uncertainty modulation in high-
stakes detection tasks. In the future, we plan to adapt this
uncertainty-guided principle to dynamic and large-scale graph
environments.
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