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Abstract—Graph Anomaly Detection (GAD) aims to identify
anomalous nodes whose behavioral patterns or structural rela-
tionships deviate from the majority, a task that has attracted
significant research attention. However, constructing a universal
GAD framework capable of adapting to diverse real-world
applications faces the following technical bottlenecks: on one
hand, existing models struggle to achieve a balance between
capturing complex long-range dependencies and maintaining
high computational efficiency; on the other hand, mainstream
methods are constrained by ”generalization silos,” lacking the
cross-domain capability to handle data distribution shifts. To
alleviate these issues, we propose AceGAD, a universal graph
anomaly detection method. Specifically, AceGAD consists of two
core components: first, to address the dilemma of reconciling
long-range dependencies with computational efficiency, we de-
signed the Linear Graph State-Space Encoder (LG-SSE), which
reformulates graph propagation as a continuous linear state
evolution process, achieving precise memory of global context
while maintaining linear time complexity; second, to break
through the limitations of generalization silos, we proposed the
Context-Aware Metric Projector (CAM-Pro), which enables the
model to adapt to new environments using only a few normal
samples by constructing an adaptive metric space, achieving
Zero-Fine-Tuning inference on new graphs. Extensive experi-
ments conducted on eight public benchmark datasets across
different domains demonstrate that AceGAD achieves superior
performance, efficiency, and universality.

Index Terms—Graph Anomaly Detection; Linear Graph State-
Space Encoder; Context-Aware Metric Projector; Zero-Fine-
Tuning

I. INTRODUCTION

As a powerful data structure capable of abstracting entities
and their complex interactions, graphs have been widely
adopted to represent complex systems, such as citation net-
works, social networks, and financial transaction networks.
Within these complex topological structures, mining anoma-
lous nodes that deviate from normative patterns from massive
data is critical for maintaining system security and risk man-
agement [1], [2].
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Fig. 1. (a) Illustration of the depth-cost dilemma in traffic incident propaga-
tion. (b) The Transductive GAD Paradigm. (c) The Generalist GAD Paradigm.

Despite the excellent detection performance of existing
GAD methods, the field still faces two major challenges
that limit their application in real-world scenarios. The first
challenge is the Depth-Efficiency Dilemma, which refers to the
inherent conflict between capturing long-range dependencies
and maintaining computational efficiency. Complex anomaly
patterns often do not exist solely locally but are latent in
the non-linear interactions between nodes and their global
neighbors. We use the propagation of traffic incidents to
illustrate real-world message passing, as shown in Fig.1(a).
When congestion signals caused by accidents at intersections
gradually diminish across multiple junctions, the dispatch
center transmits these signals with high fidelity but at a higher
cost. This analogy reveals the status quo of the GAD field:
traditional Graph Neural Networks (GNNs) are limited by fi-
nite receptive fields and struggle to capture deep dependencies
by stacking layers; Although the global Transformer family
of models can capture long-distance dependencies, their high
computational resource requirements limit their practicability
on large-scale graphs.

However, adapting GAD to multiple scenarios faces a
second dilemma: the Generalization Silo, referring to the
lack of model generality and generalization capability. Cur-
rent mainstream GAD methods mostly follow a ”one model,
one dataset” training paradigm, as shown in Fig.1(b). This
paradigm results from traditional methods fitting domain-



specific static distributions, relying on fixed decision bound-
aries, lacking mechanisms to dynamically adapt to new en-
vironments, and the inherent heterogeneity of graph data.
Consequently, this forces models to be trained from scratch
or fine-tuned whenever facing a new scenario. In contrast, an
ideal generalist GAD method, as depicted in Fig.1(c), should
be capable of learning general patterns across diverse source
domains and achieving instant inference on any arbitrary new
graph without fine-tuning.

To address these issues, this paper proposes AceGAD,
which is a zero-fine-tuning universal graph anomaly detection
framework based on adaptive context evolution. AceGAD
achieves an effective unification of depth, efficiency, and
generality through a novel information processing perspective.
First, to resolve the dilemma of long-range dependencies
and computational efficiency, we design the LG-SSE. This
module breaks away from the traditional paradigm of stacking
graph convolution layers by reconstructing information prop-
agation on graphs as a continuous linear state-space evolution
process. This mechanism endows the model with the long-
term memory capabilities of State Space Models (SSMs),
enabling it to precisely capture long-range dependencies from
the global background to local entities while maintaining
linear time complexity. Thereby, it utilizes the macro back-
ground to effectively contrast micro anomalies, alleviating the
”Depth-Efficiency” dilemma and providing high-quality deep
node representations for the subsequent module. Second, to
tackle the Generalization Silo and label scarcity, we construct
the CAM-Pro. This module discards dataset-specific fixed
classification boundaries in favor of establishing an adaptive
metric space. In a Few-Shot setting, it utilizes a self-queried
attention mechanism to dynamically synthesize a Normalcy
Anchor adapted to the current graph environment from a
small number of normal samples. This mechanism essentially
establishes a dynamic reference frame for each new environ-
ment, allowing AceGAD to adapt to brand-new graph data
without any parameter updates, thus realizing efficient Zero-
Fine-Tuning inference. The main contributions of this paper
are summarized as follows:

• We propose AceGAD, which pioneers the integration of
linear state-space evolution into generalist graph anomaly
detection. With the design of LG-SSE, we successfully
resolve the Depth-Efficiency Dilemma, achieving precise
memory of the global context while maintaining linear
complexity.

• We establish a Context-Aware Metric Projection
paradigm and design the CAM-Pro to realize Zero-Fine-
Tuning inference. This mechanism effectively breaks
”the Generalization Silo” effect, establishing a new
paradigm for generalist GAD characterized as Train
Once, Apply Everywhere.

• We conduct extensive experiments on multiple public
datasets across different domains. The results demonstrate
that our proposed AceGAD consistently outperforms var-
ious state-of-the-art baseline models in anomaly detec-

tion performance (ACM ↑ 6.72%, cs ↑5.46%, tfinance
↑12.24%).

II. RELATED WORK

Graph Anomaly Detection: GAD aims to identify nodes
that exhibit significant anomalies in either node attributes or
graph structures. Existing supervised GAD methods [3] focus
on fitting specific decision boundaries by designing sophisti-
cated graph convolutional operators, but they rely heavily on
large-scale labeled data. Unsupervised GAD methods capture
normal patterns through diverse learning techniques in a label-
free setting [4], [5], including reconstruction-based methods
[1], contrastive learning-based methods [4], and other auxiliary
objectives [5], [6]. Although the aforementioned methods per-
form excellently on specific datasets, the mainstream paradigm
typically follows a ”one model, one dataset” training approach.
Recently, to break through ”generalization silos,” researchers
have begun exploring universal graph anomaly detection. Early
ARC [7] leveraged contextual learning, enabling a single
model to adapt and detect anomalies in new graphs in real
time during inference with only a small number of normal
samples.

State Space Models on Graphs: Recently, SSMs, have
emerged as an efficient sequence modeling paradigm. With
their linear time complexity O(N) and robust long-range
memory capabilities, they are regarded as potent competitors
to Transformers. Consequently, researchers have begun ex-
tending SSMs to graph-structured data, termed Graph Mamba.
For instance, [8] investigated the advantages of SSMs on
temporal graphs from first principles; [9] proposed Graph
Generated State Space Models (GG-SSMs) to handle non-local
dependencies; and [10] further explored SSM extensions on
directed graphs. some works have attempted to unify message
passing with SSM mechanisms [11], and have even validated
the effectiveness of Graph Mamba in complex applications
such as medical image segmentation [12].

Graph In-Context Learning: To address the challenges of
few-shot learning and zero-fine-tuning, In-Context Learning
(ICL) has emerged as a prominent research hotspot. ICL
allows models to instantly adapt to new tasks solely through
contextual examples without updating model parameters. Al-
though Large Language Models (LLMs) have demonstrated
powerful Graph ICL capabilities [13], their prohibitive infer-
ence costs and massive memory footprint make them difficult
to deploy in practical applications. Consequently, researchers
have begun exploring efficient graph in-context learning mech-
anisms. For instance, [14] provides a theoretical analysis
of ICL on graphs, while [15] proposes a pseudo-labeling
framework based on graph structures to optimize contextual
prompts.

III. METHOD

This section introduces AceGAD, a zero-fine-tuning uni-
versal graph anomaly detection framework based on adaptive
context evolution (overall architecture shown in Fig.2). The
framework comprises three core components: First, the data



Fig. 2. Overall workflow of the AceGAD model, including the data preprocessing module, LG-SSE and CAM-Pro.

preprocessing module standardizes raw graph data into unified
input signals and normalized evolution operators; Second, LG-
SSE efficiently captures deep representations containing global
context through continuous state evolution in the spectral
domain with linear complexity, resolving the trade-off between
long-range dependencies and efficiency. Finally, CAM-Pro
constructs an adaptive metric space by dynamically synthe-
sizing “normal anchors” tailored to the current environment,
enabling zero-fine-tuning precise inference on new graphs.

A. Data preprocessing
Unified Input Signal Projection: We introduce a projection

function Φ to serve as a non-parametric Channel Adapter.
This adapter employs a statistical transformation strategy to
map node features into a unified latent signal space, a process
defined as:

Xaligned = Φ(Xraw, d) (1)
where Xraw ∈ RN×draw represents the raw input signal
matrix, d denotes the target dimension, and Φ adaptively
executes strategies based on the relationship between the raw
dimension draw and the target dimension d.

Normalized Evolution Operator Construction:First, we
introduce self-loops to the original adjacency matrix A, yield-
ing Ã = A + I . This ensures that nodes can achieve State
Retention during discrete state evolution steps. Subsequently,
the normalized operator is calculated as:

Â = D̃− 1
2 ÃD̃− 1

2 (2)

where D̃ is the degree matrix of Ã. This Spectral Normal-
ization constrains the eigenvalues of the operator within the
interval [−1, 1], theoretically guaranteeing the convergence
and stability of the subsequent linear state evolution process.

B. Linear Graph State-Space Encoder
Sparse Input Driver Construction: First, a linear pro-

jection layer MLPin is used to map the unified input signal
Xaligned into the hidden space, initializing the 0-th order state
H(0):

H(0) = MLPin(Xaligned) (3)

Subsequently, the system executes max dist steps of explicit
spatial diffusion to generate a series of state snapshots:

H(k) = Â ·H(k−1), k = 1, 2, ...,max dist (4)
where H(k) represents the physical mapping of k-th order
neighborhood information within the system. Once generated,
all state snapshots are stacked (Stack); this process involves
no non-linear activations and is essentially constructing a
multi-scale structural driving tensor Uglobal, which stores the
complete information path for each node from itself to distant
neighbors:
Uglobal = Stack(H(0),H(1), ...,H(max dist)) ∈ RN×(max dist+1)×Dh

(5)
max dist defines the maximum evolution horizon of the sys-
tem’s lookback, and Uglobal defines the pre-computed global
feature sequence library.

Reverse-Causal Driver Organization: During the batch
training phase, we extract the driver sequences for the nodes
in the current batch from Uglobal. To implement the concept
of context-awareness, we redefine the direction of information
integration. We perform Reverse Organization on the ex-
tracted sequences along the spatial dimension. This operation
essentially restructures the spatial propagation sequence by
establishing an aggregation order that points from max dist
hops to 0 hops:

Ubatch = Flip(MLPseq(Uglobal[indices]), dim = 1) (6)

where Uglobal[indices] represents the sub-sequences sliced
from the global feature sequence library, MLPseq further
refines the features of the sequence, and Ubatch is the con-
structed reverse driver sequence.

Spectral State-Space Evolution: Once the reverse driver
sequence Ubatch is constructed, it is fed into the core evolution
unit—the Spectral State-Space Evolver. We employ the Diag-
onal Linear Recurrent Unit (Diagonal LRU) as the evolution
kernel. This component is essentially a discretized linear state-
space equation:

ht = Λ⊙ ht−1 +But (7)
where ut is the input from the driver sequence Ubatch at step
t; ht ∈ CDh is the Complex Hidden State; and Λ ∈ CDh is the
diagonal state transition matrix. We parameterize Λ in the form



λj = γje
iθj . In this spectral parameterization, the magnitude

γ precisely controls the memory decay of long-range depen-
dencies, while the phase θ captures the structural oscillation
of graph signals; ⊙ denotes element-wise multiplication.

As the evolution step t proceeds from 1 to max dist, the
hidden state hmax dist completes a full state integration from the
global context to the local entity. To transform this set of com-
plex states—which contains deep dynamical information—into
a real-valued representation suitable for downstream anomaly
detection tasks, we introduce a State Readout and Projection
mechanism. The final deep node representation zfinal is
calculated as follows:

zfinal = LayerNorm(MLPout(Real(Chmax dist))) (8)

where C ∈ CDh×Dh is the Output Mixing Matrix; the Real(·)
operation performs Domain Transformation, discarding imag-
inary components to map signals from the abstract complex
spectral domain back to the physical real-valued feature space.
MLPout is a non-linear output projection layer designed to en-
hance the expressive power of the linear state-space model and
adapt to complex anomaly detection boundaries. LayerNorm
is used to normalize the distribution of the final embedding,
ensuring input stability for the CAM-Pro.

C. Context-Aware Metric Projector

Dynamic Normalcy Anchor Synthesis: First, we extract
the context query vector qctx for the support set, defined as
the centroid of the support sample representations:

qctx =
1

|S|
∑
zi∈S

zi (9)

where S = {z1, . . . , zK} represents the support set containing
K known normal samples (i.e., the number of shots), and
zi is the deep node representation generated by the LG-
SSE encoder. Subsequently, we calculate the consistency score
between each support sample zi and the context query vector
qctx. This process evaluates the representativeness of each
sample regarding the normal pattern:

ei = zTi · qctx (10)

αi =
exp(ei/τ)∑|S|
j=1 exp(ej/τ)

(11)

where ei represents the unnormalized attention logits, mea-
suring the directional alignment between zi and the centroid;
τ ∈ (0, 1] is a learnable Temperature Parameter used to adjust
the sharpness of the attention distribution. The final normalcy
anchor canchor is generated through weighted aggregation,
incorporating a learnable scaling factor γ to optimize its
magnitude within the metric space:

canchor = γ

|S|∑
i=1

αi · zi (12)

Here, γ is a learnable scalar scaling parameter that allows the
model to adaptively adjust the norm of the anchor vector to
obtain a superior geometric representation.

Adaptive Metric Space Construction: To endow the gen-
erated metric space with superior discriminability, we design a
Geometric Constraint Objective to guide the topological evolu-
tion of the space. This objective consists of four components.

Positive Attraction Loss Lpos: This component minimizes
the squared Euclidean distance between normal query nodes

and the normal anchor canchor, encouraging all normal sam-
ples to cluster tightly around the normal anchor within the
embedding space.

Lpos = E(zq,yq)|yq=0[∥zq − canchor∥22] (13)
Negative Repulsion Loss Lneg: We employ a squared

hinge loss to penalize anomalous query samples. Penalties
are incurred only when anomalous samples intrude into the
safety radius Madaptive of the normal anchor canchor, thereby
effectively repelling these anomalous samples from the normal
cluster.
Lneg = E(zq,yq)|yq=1[max(0,Madaptive−∥zq−canchor∥2)2] (14)

Here, Madaptive = Mbase + µS + σS represents a Context-
Aware Dynamic Margin. Mbase is a base margin hyperparam-
eter, while µS and σS denote the mean and standard deviation,
respectively, of the distances from samples within the support
set to the normal anchor canchor. This design enables the
safety radius to undergo Adaptive Breathing based on the
compactness of the current normal cluster, significantly en-
hancing the model’s adaptability to normal clusters of varying
morphological shapes.

Intra-Class Compactness Loss Lcom: Serving as a regular-
ization term, this component directly constrains the distances
between samples within the support set and the normal anchor.
This prevents the normal cluster from becoming effectively
sparse and enhances intra-class cohesion.

Lcom = Ezi∈S [∥zi − canchor∥22] (15)
Anchor Regularization Loss Lreg: This term constrains the

norm of the anchor vector to prevent numerical drift.
Lreg = ∥canchor∥2 (16)

The Total Loss is formulated as follows:
Ltotal = Lpos + wnegLneg + wcomLcom + wregLreg (17)

where wneg, wcom, wreg are hyperparameters used to balance
the intensity of each geometric constraint. By minimizing this
objective, CAM-Pro is essentially learning a Universal Met-
ric Law—specifically, how to map complex graph structural
discrepancies into standardized geometric distance deviations.

Zero-Fine-Tuning Anomaly Metric: During the inference
phase, AceGAD demonstrates its Zero-Fine-Tuning capability
as a universal framework when encountering an entirely new
graph dataset G. First, the normalcy anchor canchor specific
to graph G is generated instantaneously using the support
set. Subsequently, the Geometric Drift Distance of the query
node zquery relative to this anchor is calculated directly as the
anomaly score:

Score(q) = ∥zquery − canchor∥22 (18)

This distance directly quantifies the degree to which a node
deviates from the canonical patterns of its current environment.

D. Complexity Analysis

Assume that the total number of nodes in graph G is N ,
and the total number of edges is |E|. Let D denote the channel
dimension of the latent signal space, and L (corresponding to
max dist) denote the maximum historical evolution horizon.
In batch processing, the batch size is set to b, and the support
set size is K.

The computational complexity of AceGAD primarily con-
sists of two phases: a one-time sparse input driver construction
phase and a batch-based online state evolution phase. Under



TABLE I
ANOMALY DETECTION PERFORMANCE IN TERMS OF AUROC (IN PERCENT, MEAN±STD). HIGHLIGHTED ARE THE RESULTS RANKED FIRST, SECOND.

Method Cora Citeseer ACM BlogCatalog Weibo Amazon cs tfinance
Supervised-Pre-Train Only

GCN 59.64±8.30 60.27±8.11 60.49±9.65 56.19±6.39 76.64±17.69 46.63±3.47 66.64±7.69 61.43±8.62
GAT 50.06±2.65 51.59±3.49 48.79±2.73 50.40±2.80 53.06±7.48 50.52±17.22 56.16±6.52 51.35±2.75

BGNN 42.45±11.57 42.32±11.82 44.00±13.69 47.67±8.52 32.75±35.35 52.26±3.31 45.35±15.37 41.23±11.64
BWGNN 54.06±3.27 52.61±2.88 67.59±0.70 56.34±1.21 53.38±1.61 55.26±16.95 58.32±1.67 62.51±1.73
GHRN 59.89±6.57 56.04±9.19 55.65±6.37 57.64±3.48 51.87±14.18 49.48±17.13 54.82±8.25 55.33±3.54

Unsupervised - Pre-Train Only
DOMINANT 66.53±1.15 69.47±2.02 70.08±2.34 74.25±0.65 92.88±0.32 48.94±2.69 72.88±1.34 71.32±4.37

CoLA 63.29±8.88 62.84±9.52 66.85±4.43 50.04±3.25 16.27±5.64 47.40±7.97 56.21±4.48 63.25±3.63
HCM-A 54.28±4.73 48.12±6.80 53.70±4.64 55.31±0.57 65.52±12.58 43.99±0.72 61.42±6.53 53.70±4.64

TAM 62.02±2.39 72.27±0.83 74.43±1.59 49.86±0.73 71.54±0.18 56.06±2.19 77.24±2.28 67.41±2.54
Unsupervised - Pre-Train & Fine-Tune

DOMINANT 72.23±0.34 74.69±0.32 74.34±0.12 74.61±0.04 92.21±0.10 59.06±2.80 79.23±1.12 74.32±1.28
CoLA 67.62±4.26 70.75±3.42 69.11±0.67 62.49±3.38 31.55±6.02 52.51±6.66 69.76±3.34 69.17±2.57

HCM-A 56.45±4.93 55.54±4.07 57.69±3.59 55.10±0.29 71.89±2.79 42.20±0.55 74.69±2.29 67.69±3.54
TAM 62.56±2.10 76.54±1.33 86.29±1.57 57.69±0.88 71.73±0.16 57.13±1.59 73.53±2.36 73.29±5.17

Generalist
ARC 85.33±0.44 90.64±0.32 79.27±0.17 74.81±0.28 89.24±0.35 69.77±3.88 82.44±0.48 75.60±3.01

Ours
AceGAD 85.93±0.21 90.08±0.13 93.01±1.20 74.32±1.34 94.72±1.79 70.93±7.63 87.90±4.00 87.84±2.35

large-scale sparse graph conditions (|E| ≫ N ), the construc-
tion phase is dominated by L sparse matrix multiplications,
with a complexity of approximately O(L·|E|·D). In the online
inference phase, the linear properties of the spectral state-space
evolution significantly reduce the computational overhead.
Consequently, the overall complexity of batch processing is
dominated by sequence transformations, amounting to approx-
imately O((b+K) ·L ·D2). This architecture achieves linear
scalability with respect to the propagation depth L. Combined
with the zero-fine-tuning mechanism, it substantially reduces
the computational costs for capturing long-range dependencies
and enabling cross-domain deployment.

IV. EXPERIMENTS AND RESULT ANALYSIS

A. Experimental Setup

Datasets. To train and evaluate the universal GAD model,
we trained baseline models and the AceGAD model on one
set of graph datasets and conducted testing on a separate set
of graph datasets. To ensure a comprehensive evaluation, the
selected datasets span multiple domains, including citation net-
works, social networks, and e-commerce co-review networks.
Each domain’s dataset contains either injected anomalies or
real-world anomalies [4], [6]. Inspired by [16], our training set
is composed of the largest-scale dataset within each domain,
while the remaining datasets are reserved as the test set. The
training set Ttrain includes PubMed, Flickr, Questions, and
YelpChi. The test set Ttest includes Cora, Citeseer, ACM,
BlogCatalog, Weibo, Amazon, cs, and tfinance.

Baselines. To comprehensively evaluate the performance of
AceGAD, we compare it against a series of representative su-
pervised and unsupervised GAD methods. Supervised methods
include traditional GNN approaches, such as GCN [17] and
GAT [18], as well as three methods specifically designed for

GAD: BGNN [19], BWGNN [2], and GHRN [3]. Unsuper-
vised methods encompass four different design paradigms: the
generative method DOMINANT [1], the contrastive learning
method CoLA [4], the hop-count prediction method HCM-A
[5], and the affinity-based method TAM [6]. Few-shot methods
include the in-context learning-based approach ARC [7].

Evaluation Metrics and Implementation. Evaluation Met-
rics and Implementation. We employ AUROC as the evaluation
metric [6], reporting the mean ± standard deviation across
five independent experiments. AceGAD is trained on four
datasets and evaluated on eight test sets. Baseline comparisons
are defined as follows: Supervised models are evaluated only
in the “pre-training only” mode. Unsupervised models addi-
tionally include a “pre-training & fine-tuning” mode, which
allows leveraging self-supervised objectives for fine-tuning
on test images. To validate generalizability, all models align
feature spaces via projection layers and employ a fixed set of
hyperparameters determined by random search across all test
sets, without dataset-specific parameter tuning.

B. Performance Comparison

Across test sets spanning eight distinct domains, Ace-
GAD demonstrates outstanding performance (Table I). It
achieves state-of-the-art results on six datasets, significantly
outperforming advanced baselines—for instance, improving
by 6.72%, 5.46%, and 12.24% on ACM, cs, and tfinance,
respectively. In contrast, traditional baselines exhibited neg-
ative transfer under “pre-training only” conditions. Even after
fine-tuning, their performance remained inferior to AceGAD,
which requires no parameter updates. By abandoning the in-
efficient “pre-training + fine-tuning” approach, AceGAD em-
ploys a context-aware metric projection paradigm to synthesize
valid anchors on-the-fly. This achieves detection performance



TABLE II
AUROC OF ACEGAD AND ITS VARIANTS.

Variant Cora Citeseer ACM BlogCatalog Weibo Amazon cs tfinance
AceGAD 85.93 90.08 93.01 74.12 94.72 70.93 87.9 87.84

AceGAD w/o Sequential Processing 81.33 82.15 80.64 63.28 93.84 53.31 72.94 75.64
AceGAD w/o Flip 83.57 85.47 92.39 71.33 93.96 60.09 85.47 81.28

AceGAD w/o Attention 84.21 88.69 92.94 71.93 92.14 68.94 87.31 85.37

surpassing finely-tuned baselines with zero fine-tuning and
minimal deployment overhead.

C. Ablation Study

We conducted ablation experiments to thoroughly ana-
lyze the contributions of three core components—spectral
domain state space evolver, reverse-order causal reordering,
and self-querying dot-product attention mechanism—across
eight datasets. Detailed experimental results are presented in
Table II. As expected, the integrated model achieved the best
overall performance. Notably, the spectral domain state space
evolver contributed most significantly to performance gains,
achieving AUROC improvements of 12.37%, 14.96%, and
12.2% on the ACM, cs, and tfinance datasets, respectively.
This demonstrates the necessity of the evolutionary mecha-
nism within the linear graph state space encoder, which is
crucial for anomaly detection accuracy. Without reverse-order
causal reordering, forward-order inputs cause idiosyncratic
information at target nodes to be diluted by background noise
during long-distance evolution to the endpoint. The Query Dot
Product Attention mechanism dynamically suppresses weights
of marginal samples while focusing on high-confidence core
samples, enabling the construction of a more robust and
compact metric benchmark.

D. Parameter Sensitivity Analysis

Validity of Maximum Evolution Horizon (max dist):
To validate the effectiveness of LG-SSE in capturing long-
range dependencies, we analyzed the impact of varying the
maximum evolutionary range max dist from 2 to 12 (exper-
imental results shown in Fig.3(a)). Results show that model
performance significantly improves as max dist increases to
moderate ranges, confirming the universal importance of long-
range dependencies for identifying complex anomaly patterns.
However, when max dist > 10, performance tends toward
saturation or even slight decline due to introduced noise.
Experiments indicate an optimal depth range that maximizes
signal-to-noise ratio (e.g., [8,10]).

Validity of Shot Number (K): To assess AceGAD’s sen-
sitivity to the support set size K, we analyzed performance
variations as K ranged from 5 to 50 (Fig.3(b)). Results
demonstrate that near-optimal performance is achieved with
only a minimal number of samples (K = 10), strongly
validating CAM-Pro’s capability to efficiently extract normal
patterns. Notably, performance tends to plateau or even decline
when K > 10. This reveals that excessively large support sets
introduce boundary sample noise, causing synthetic normal an-
chors to drift and blurring the fine boundaries with anomalies.

(a) (b)
Fig. 3. (a) Performance of different max dist. (b) Validity of Shot Number.

Fig. 4. Time Comparison.

E. Efficiency Analysis

To evaluate AceGAD’s operational efficiency, we compared
inference and fine-tuning times on the ACM dataset. As shown
in Fig.4, first, thanks to the linear time complexity of the linear
graph state space encoder, the model achieves extremely fast
inference speeds. It not only demonstrates performance com-
parable to the fastest GCNs but also significantly outperforms
unsupervised methods in terms of efficiency. Furthermore,
dataset-specific fine-tuning consumes more time compared
to inference. The advantage of our AceGAD model lies in
completely eliminating the need for time-consuming fine-
tuning on new graphs.

F. Visualization

To gain deeper insights into the underlying workings and in-
terpretability of our proposed self-query dot-product attention
mechanism, we visualized its decision-making process across
multiple benchmark datasets. As shown in Fig.5, this mecha-
nism employs an adaptive weighting strategy that dynamically
switches between various approaches based on the geometric
distribution of support set samples in the embedding space. We
observed the following findings: In the Weibo and Amazon
datasets, where support set samples exhibit high dispersion,
this mechanism adopts a single-point dominance strategy,
assigning nearly all weights to a relatively central anchor
point to counteract noise interference from peripheral points.
In the tfinance dataset, which exhibits clear core clusters,
it switches to a core-subset consensus strategy, primarily
weighting interactions among intra-cluster members; In the
ACM dataset, where the support set samples are inherently
highly homogeneous, the model adaptively converges to an
optimal average-weighting strategy, as it determines that fine-
grained weight differentiation is unnecessary in this scenario.



(a) weibo (b) Amazon

(c) tfinance (d) ACM
Fig. 5. Visualization of the Attention Mechanism Generating Prototypes.

V. CONCLUSIONS

This paper addresses the cutting-edge challenge of Gener-
alist GAD by proposing a novel “train once, use everywhere”
solution. AceGAD centers on two core innovations: First,
we designed LG-SSE, which reframes long-range dependency
capture in the generalist GAD setting as a continuous state
evolution process within the spectral domain. This achieves
precise memory of global context while maintaining linear
time complexity, effectively resolving the “depth-efficiency”
dilemma. Second, we establish CAM-Pro, which dynamically
synthesizes “normal anchor points” through a self-querying
dot-product attention mechanism, enabling a metric-learning-
based zero-fine-tuning inference paradigm. Extensive experi-
ments across real-world datasets demonstrate AceGAD’s su-
perior performance, computational efficiency, and versatility.

Future research will explore adaptive clustering mechanisms
to automatically identify normal substructures on the support
set and generate multiple anchor points, thereby enhancing the
model’s robustness in complex scenarios.
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