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Abstract

Detecting Out-of-Distribution (OOD) graphs—those are
drawn from a different distribution from the training data-
is a critical task for ensuring the safety and reliability of
Graph Neural Networks. The main challenge in unsupervised
graph-level Out-of-Distribution detection lies in its common
reliance on purely in-distribution (ID) data. This ID-only
training paradigm leads to an incomplete characterization of
the feature space, resulting in decision boundaries that lack
the robustness needed to effectively separate ID from OOD
samples. While incorporating synthesized outliers into the
training process is a promising direction, existing genera-
tion methods are limited by their dependence on pre-defined,
non-adaptive sampling heuristics (e.g., distance- or density-
based). Such fixed strategies lack the flexibility to systemati-
cally explore the most informative OOD regions for refining
decision boundaries. To overcome this limitation, we propose
a novel Policy-Guided Outlier Synthesis (PGOS) framework
that replaces static heuristics with a learned, adaptive explo-
ration policy. PGOS trains a reinforcement learning agent to
autonomously navigate low-density regions within a struc-
tured latent space, sampling representations that are maxi-
mally effective for regularizing the OOD decision bound-
ary. These sampled points are then decoded into high-quality
pseudo-OOD graphs to enhance the detector’s robustness.
Extensive experiments demonstrate the strong performance
of our method, state-of-the-art results on multiple graph OOD
and anomaly detection benchmarks.

Introduction
Graph Neural Networks (GNNs) have become a cornerstone
for graph-level classification, achieving state-of-the-art re-
sults in critical domains like molecular science (Lee et al.
2025) and social network analysis (Sun et al. 2025b; Li
et al. 2025; Sun et al. 2023c,a; Song et al. 2025). How-
ever, this success relies on the standard assumption that test
data is drawn from the same distribution as the training
data (Kipf and Welling 2017; Hamilton, Ying, and Leskovec
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Figure 1: Comparisons between policy-guided and heuristic-
based sampling. (a) Policy-guided sampling via a learned
agent. (b) Heuristic sampling follows predefined rules.

2017; Veličković et al. 2018; Zhuo et al. 2025b; Yang et al.
2025; Zhuo et al. 2025a). In real-world applications, this
closed-world assumption is often violated, as deployed mod-
els inevitably encounter inputs from novel or shifted distri-
butions—commonly known as Out-of-Distribution (OOD)
samples. When faced with these OOD graphs, a standard
GNN can fail silently, producing erroneous predictions with
high confidence. This vulnerability poses a significant risk to
model reliability and safety, making the detection of OOD
inputs a critical challenge for building trustworthy graph
learning systems (Sun et al. 2023b, 2025a).

Existing research in unsupervised graph OOD detection
has largely focused on modeling the in-distribution (ID) data
manifold to indirectly identify outliers. Common strategies
involve learning stable ID patterns through various means,
such as contrastive learning (Liu et al. 2023a; Hou et al.
2025), generative modeling (Shen et al. 2024), or post-hoc
manipulations (Wang et al. 2024; Guo et al. 2023). A unified
characteristic of these methods is their exclusive reliance on
in-distribution data for training. When the data distribution
is complex, relying solely on ID data may fail to reveal es-
sential cues for OOD detection.

To overcome the limitations of ID-only training, an al-
ternative paradigm is Outlier Exposure (OE) (Hendrycks,
Mazeika, and Dietterich 2019) or Outlier Synthesis, which
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has been extensively validated in computer vision (Du et al.
2022; Tao et al. 2023; Zheng et al. 2023). The core idea is
to generate artificial outliers in the latent space to explic-
itly regularize the decision boundary. A common approach is
to sample from low-likelihood regions of the in-distribution
data, which can be modeled parametrically with class-
conditional Gaussians (Du et al. 2022) or non-parametrically
using k-NN density estimators (Tao et al. 2023). Other
advanced strategies employ Hamiltonian Monte Carlo for
more diverse exploration of the latent space (Li and Zhang
2025) or leverage powerful diffusion models to decode syn-
thesized latent features into photo-realistic outlier images
(Du et al. 2023). However, the application of these powerful
techniques to graph-structured data remains nascent, with
HGOE representing a preliminary example that uses graph-
based interpolation (Junwei et al. 2024). A critical observa-
tion is that this entire diverse family of synthesis methods
shares a fundamental limitation: they all rely on pre-defined
heuristics—such as distance or density—to identify target
regions for sampling. These fixed strategies lack the adapt-
ability to systematically explore the most informative OOD
regions for refining the decision boundaries. This raises a
critical question:

How can we move beyond fixed heuristics to systemati-
cally and adaptively discover the most informative outlier
locations in the latent space?

Tackling this question is particularly challenging in the
unsupervised graph domain due to two fundamental issues.
First, the latent space shaped by conventional contrastive
learning is ill-suited for targeted exploration. While these
methods can group similar graphs, they fail to establish
explicit semantic prototypes for the clusters. This absence
of learnable prototypes renders the low-density regions be-
tween clusters truly unstructured and difficult to navigate.
Second, designing an adaptive exploration policy is itself a
non-trivial task. To be effective, the policy must be guided by
a carefully crafted reward mechanism that goes beyond sim-
ple metrics like distance or density. The core challenge lies
in precisely defining what constitutes an informative outlier
and translating this abstract notion into a concrete learning
signal. Therefore, a principled framework should first im-
pose a meaningful structure on the latent space and then
learn a systematic policy for exploration.

To address this, we propose a novel framework Policy-
Guided Outlier Synthesis (PGOS) that first imposes a mean-
ingful structure on the latent space. Specifically, we em-
ploy prototypical contrastive learning (Li et al. 2021; Lin
et al. 2022) to establish the explicit learnable prototypes that
conventional methods lack. These prototypes act as seman-
tic anchors transforming the previously unstructured regions
into a navigable space defined by well-separated clusters of
ID data. Building upon this structured latent space, PGOS
reframes outlier synthesis as a targeted exploration prob-
lem and tackles the policy design challenge by introducing
a highly specialized RL agent. This agent’s behavior is gov-
erned by three key principles: (1) a tailored reward func-
tion that compels exploration into the low-density regions
between prototypes; (2) a hard boundary constraint that en-
sures exploration remains relevant to the data manifold; (3)

a novel spatially-aware entropy regularization method that
dynamically encourages maximal exploration near the clus-
ter boundaries. This principled guidance system enables the
agent to learn an optimal policy for discovering latent repre-
sentations that are maximally effective for regularizing the
OOD decision boundary. These representations are then de-
coded into high-quality pseudo-OOD graphs to enhance ro-
bust model training. Our main contributions are as follows:
• We reconsider outlier synthesis for graph OOD detec-

tion by adaptively exploring the ID-OOD boundary with
a learnable policy beyond static heuristics.

• We design a policy-guided agent whose novel explo-
ration strategy integrates a tailored reward, boundary
constraints, and adaptive entropy regularization to effi-
ciently discover informative pseudo-outliers.

• Extensive experiments on 25 benchmarks validate our
method’s superiority, where we establish new state-of-
the-art performance on 12 of these datasets.

Related Work
Graph-level Out-of-Distribution Detection. Unsuper-
vised graph-level Out-of-Distribution detection aims to
identify graphs that deviate from the training distribution.
The current dominant paradigm is contrastive learning meth-
ods like GOOD-D (Liu et al. 2023a), which captures hierar-
chical semantics, and SEGO (Hou et al. 2025), which lever-
ages structural entropy (Li and Pan 2016). Other approaches
exploit intrinsic graph properties like substructures or spec-
tral anomalies (Gu, Qiao, and Li 2025; Ding et al. 2024), rely
on the reconstruction quality of generative models (Shen
et al. 2024), or explicitly model the class-conditioned dis-
tributions (Zhang et al. 2025). Additionally, post-hoc meth-
ods such as AAGOD (Guo et al. 2023) enhance pre-trained
detectors, while test-time strategies like GOODAT (Wang
et al. 2024) perform detection without accessing training
data. Orthogonal to these methods, other work provides sta-
tistical guarantees via conformal prediction (Lin et al. 2025).
Recently, inspired by Outlier Exposure in computer vision,
HGOE (Junwei et al. 2024) incorporates external real-world
and internal synthetic outliers. However, its synthesis re-
lies on a pre-defined interpolation heuristic. In contrast, our
framework employs an adaptive policy to actively discover
informative outliers beyond such fixed generation rules.

Outlier Synthesis for OOD Detection. Outlier synthe-
sis improves OOD detection by generating pseudo-samples
that mimic distributional shifts. Representative methods
like VOS (Du et al. 2022) and HamOS (Li and Zhang
2025) create boundary-aware outliers in feature space, while
diffusion-based (Du et al. 2023), flow-based (Kumar et al.
2023), and non-parametric (Tao et al. 2023) approaches
enable fine-grained control over sample diversity and lo-
cation. Recent advances explore diversity-aware sampling
(Jiang et al. 2024; Zhu et al. 2023), noisy outlier robustness
(Zheng et al. 2023), and structural awareness via energy-
based memory (Hofmann et al. 2024). Yet, most methods
adopt predefined generation objectives, lacking adaptive ex-
ploration of the data manifold. This hinders their ability to
generate semantically aligned and decision-relevant outliers.
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Preliminaries and Problem Definition
An attributed graph is denoted as G = (V , E), where V =
{v1, . . . , vn} is the set of n = |V| nodes, and E ⊆ V × V is
the set of edges. The topological structure of the graph can
be described by an adjacency matrix A ∈ {0, 1}n×n, where
Aij = 1 if there exists an edge between nodes vi and vj , and
Aij = 0 otherwise. Each node vi ∈ V is associated with a d-
dimensional feature vector. The features of all nodes are col-
lectively represented by a node feature matrix X ∈ Rn×d.
Consequently, a graph can be concisely represented as the
tuple G = (A,X).

Unsupervised Graph-level OOD Detection. In this pa-
per, we focus on the task of unsupervised graph-level out-of-
distribution detection. In this setting, we are given a training
set of unlabeled graphs, Din

train = {G1, G2, . . . , Gn}, which
are assumed to be sampled from an in-distribution, denoted
as Pin. The goal is to learn a scoring function, f(·), using
only this ID training set. During the testing phase, this scor-
ing function is used to assign an OOD score, s = f(G),
to any given graph G. A higher score indicates a greater
likelihood that the graph originates from an unknown out-
of-distribution, Pout, where Pin ̸= Pout. The model’s perfor-
mance is evaluated on a test set composed of unseen ID sam-
ples Din

test and OOD samples Dout
test, where Din

train ∩ Din
test = ∅.

Reinforcement Learning. Reinforcement Learning (Sut-
ton, Barto et al. 1998) provides a mathematical framework
for an agent to learn an optimal policy π by interacting with
an environment, which is formally modeled as a Markov De-
cision Process (MDP). An MDP is defined by a state space
S , an action space A, a transition function P (s′|s, a), a re-
ward function R(s, a, s′), and a discount factor γ ∈ [0, 1).

The agent’s goal is to learn a policy π(a|s) that maximizes
the expected discounted sum of future rewards. The value of
taking an action a in a state s is given by the action-value
function (Q-function):

Qπ(s, a) = Eπ

[ ∞∑
k=0

γkrt+k+1

∣∣∣∣∣st = s, at = a

]
(1)

The objective of RL is to find the optimal Q-function
Q∗(s, a) = maxπ Q

π(s, a), which represents the maximum
possible return. Once Q∗(s, a) is determined, the optimal
policy π∗ can be extracted by acting greedily at each state:

π∗(s) = argmax
a∈A

Q∗(s, a) (2)

Methodology
As illustrated in Figure 2, we propose a pseudo-outlier
synthesis framework for unsupervised graph OOD detec-
tion. We first train a graph autoencoder with prototypical
contrastive learning to cluster semantically similar graphs
around distinct prototypes. Then, a reinforcement learning-
based sampler explores low-density regions in the latent
space—far from any prototype—to generate informative la-
tent vectors, which are decoded into high-quality pseudo-
outlier graphs. Finally, we train the OOD detection model
on both the synthesized outliers and the original ID graphs
to distinguish between the two distributions. Technical de-
tails are provided in the following sections.

Prototypical Representation Learning for Graphs
To effectively synthesize outliers, our strategy first requires
a structured latent space that accurately models the in-
distribution data. To this end, we design a prototypical rep-
resentation learning module to produce a latent space where
ID graphs form compact, well-separated clusters. This pro-
cess yields two critical components: (1) a graph encoder fθ
that maps graphs into this structured space, consisting of a
multi-layer GCN to learn node representations and a pool-
ing layer to aggregate them into a graph-level embedding,
and (2) a graph decoder gψ that generates graph data from a
given latent vector. The overall architecture for this module
consists of the GCN-MLP encoder-decoder pair and a set of
K trainable prototypes C = {ck}Kk=1, where the number of
prototypes K is a pre-defined hyperparameter. We train the
model by jointly optimizing a prototypical contrastive ob-
jective and a generative reconstruction loss.

Prototypical Contrastive Objective. This objective LPCO
structures the latent space by pulling graph embeddings to-
wards semantic prototypes and separating the prototypes
themselves. By contrasting two augmented views of each
graph Gi with embeddings z′i and z′′i , this creates the low-
density regions required for our sampling strategy. The ob-
jective is composed of three loss terms: debiased contrastive
loss, prototypical consistency loss, and inter-prototype sep-
aration loss.

Debiased Contrastive Loss LDC mitigates sampling bias
of conventional contrastive learning by using prototype in-
formation to identify and exclude potential false negatives.

LDC = −
N∑
i=1

log
sim(z′i, z

′′
i )

sim(z′i, z
′′
i ) +

∑
zj∈Ni

sim(z′i, zj)
(3)

where we define the exponentiated similarity score as
sim(u, v) = exp(uT v/τ), τ is the temperature, the set of de-
biased negative samples for an embedding z′i is Ni = {zj |
j ̸= i, c(zj) ̸= c(z′i)}, herein c(z) denotes the nearest proto-
type for embedding z,

Prototypical Consistency Loss LPC ensures clustering
consistency between different augmented views of the same
graph. It is defined as:

LPC =
1

2N

N∑
i=1

[l(z′i, z
′′
i ) + l(z′′i , z

′
i)] (4)

where N is the batch size and the loss term l(za, zb) is
calculated by l(za, zb) = −

∑K
k=1 pk(zb) log pk(za). Here,

pk(z) =
exp(zT ck/τ)∑K
j=1 exp(zT cj/τ)

is the predicted assignment prob-

ability of embedding z to the kth prototype.
Inter-Prototype Separation Loss LIPS is designed to

push the prototypes away from each other. Its objective is to
maximize the average squared Euclidean distance between
all pairs of prototypes, thereby forcing them apart and creat-
ing well-defined, separated clusters.

LIPS = − 1

K(K − 1)

K∑
i=1

K∑
j=1,j ̸=i

||ci − cj ||22 (5)
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Figure 2: An overview of our PGOS framework based on pseudo-outlier synthesis.

These three components are combined into the prototypi-
cal contrastive objective as LPCO = LDC + LPC + LIPS.

Generative Reconstruction Loss. To ensure the embed-
dings are informative and to train the decoder gψ , we employ
a generative reconstruction loss Lrecon. The decoder aims to
reconstruct both the graph’s adjacency matrix Â and its node
features X̂ from the latent node embeddings. The structure
Â is decoded via an inner product of embeddings, while an
MLP decoder decodes the features X̂ . The reconstruction
loss is defined as:

Lrecon =

N∑
i=1

(
∥Xi − X̂i∥22 + λ · Lstruct(Ai, Âi)

)
(6)

where λ is a balanced hyperparameter and Lstruct is the
element-wise Cross-Entropy loss for the adjacency matrices.

The final training objective consists of the prototypical
contrastive objective and generative reconstruction losses:

Ltotal = LPCO + γLrecon (7)

where γ is a balancing hyperparameter. Minimizing the total
objective shapes a structured latent space suitable for sam-
pling and a decoder for generating pseudo-OOD graphs.

Policy-Guided Outlier Synthesis
Building upon a structured embedding space, we propose
a reinforcement learning-based method that replaces previ-
ous non-adaptive sampling heuristics with an adaptive pol-
icy for exploratory outlier synthesis. Our approach intro-
duces a novel guidance system for the RL agent, featuring
a repulsion reward, hard boundary constraints, and dynamic
spatial entropy regularization.

MDP Formulation for Outlier Synthesis. We model the
latent space Z ⊂ RD as an environment for the agent. The

agent’s goal is to learn an optimal policy π for navigation
and exploration. The agent’s state st is its current coordinate
within the latent space. At each timestep, the agent takes
an action at which is a continuous displacement vector of
the same dimension as the state. The subsequent state is de-
termined by the transition st+1 = st + at. The immediate
reward rt is determined by the next state st+1 and is denoted
by rt = R(st+1). A high-quality OOD state should satisfy
two key conditions: it must lie in the regions between the
in-distribution clusters, and its position should not deviate
excessively from the global boundary of these clusters.

Reward Function Design. To guide the agent’s explo-
ration, our reward function is designed with a single and
clear objective: to compel the agent to move into the low-
density voids between in-distribution clusters. To achieve
this, we introduce a repulsion reward Rrep which penalizes
the agent for entering the dense regions of the ID clusters.
For each cluster Ci, we define its centroid µi and effective
radius ri as µi = 1

|Ci|
∑
s∈Ci

s and ri = maxs∈Ci
∥s−µi∥2.

We apply a strong penalty when the agent’s distance di =
∥s − µi∥2 falls below a safety margin δi, which is defined
as a multiple of the cluster’s specific radius ri. As a result,
the agent learns to focus its exploration on the spaces be-
tween clusters rather than the intra-cluster areas. The reward
is formally expressed as:

Rrep(s) =

K∑
i=1

{
−
(
1− di−ri

δi

)2

if di < ri + δi

0 otherwise
(8)

Boundary Constraint. To ensure the agent’s exploration
remains focused on areas relevant to the in-distribution data,
we confine the state space S within a global boundary. This
boundary is defined as a hypersphere centered at the global
centroid of all ID embeddings, µg , with a radius Rmax. These
parameters are pre-calculated from the training set Din

train as
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µg = 1
|Din

train|
∑
s∈Din

train
s and Rmax = maxs∈Din

train
∥s − µg∥2.

Instead of using a reward penalty that can be inefficient for
the agent to learn, we enforce a hard boundary constraint di-
rectly on the state transition dynamics. If an action at causes
the next state st+1 = st+at to lie outside this boundary, the
agent’s position is deterministically projected back onto the
surface of the hypersphere.

st+1 = µg +Rmax
st+1 − µg
∥st+1 − µg∥2

(9)

This approach is more efficient and simplifies the agent’s
learning task.

Spatially-Aware Entropy Regularization. To better ex-
plore the informative boundary regions of ID clusters, we
innovate on the entropy regularization of Soft Actor-Critic
(SAC) (Haarnoja et al. 2018). Instead of using a manu-
ally designed entropy coefficient, we leverage SAC’s auto-
matic temperature tuning capability, guiding it with a dy-
namic target entropy. The core idea is to encourage maxi-
mal exploration near the boundaries of ID clusters. We first
compute a characteristic length scale from data: the aver-
age radius of all ID clusters, r̄ = 1

K

∑K
i=1 ri. The target

entropy Htarget(st) for the agent’s policy is then dynami-
cally set based on the agent’s distance to the nearest cluster,
dmin(st), peaking when the agent is at the average boundary
distance:

Htarget(st) = Hmax · exp
(
− (dmin(st)− r̄)2

2r̄2

)
(10)

where Hmax is the maximum target entropy, often set to a
default value based on the action space dimension. This self-
tuning mechanism automatically focuses the agent’s explo-
ration on the most informative boundary regions.

Learning the Exploration Policy. We employ the SAC
algorithm to learn the exploration policy πϕ. The architec-
ture follows a standard actor-critic framework composed of
a stochastic actor network πϕ to select actions and a pair
of critic networks (Qθ1 , Qθ2 ) to evaluate them. Both net-
works are trained concurrently using mini-batches of tran-
sitions sampled from a replay buffer. The actor’s objective
is to maximize both the expected return and the policy’s en-
tropy, where the entropy term encourages exploration. This
is achieved by minimizing the following loss function:

Lπ(ϕ) = Eat∼πϕ
[α log πϕ(at|st)−Qmin(st, at)] (11)

where at is an action sampled from the policy πϕ(·|st),
Qmin(st, at) is the minimum estimated action-value from the
pair of critic networks, i.e., Qmin(st, at) = min

i=1,2
Qθi(st, at)

and α is the entropy temperature parameter. This parameter
is automatically tuned towards a target Htarget(st) by mini-
mizing its own objective J(α). With a learning rate λα, the
update rule for α is:

α← α− λαEat∼πϕ
[− log πϕ(at|st)−Htarget(st)] (12)

The critic networks are trained concurrently by minimizing
the standard soft Bellman error.

Once the policy converges, we generate pseudo-OOD
samples by executing the learned policy over multiple
episodes to collect a set of latent representations. Each
episode starts from the midpoint of two randomly selected
prototype centroids. The pre-trained decoder then synthe-
sizes these representations into final pseudo-OOD graphs
until their total number matches that of the ID training set.

Outlier-Regularized OOD Detection
We instantiate our OOD detection model using GOOD-
D (Liu et al. 2023a) and integrate the pseudo-outlier into
the training process following HGOE (Junwei et al. 2024).
Specifically, we jointly optimize a standard OOD detection
loss on in-distribution data and a boundary-aware regular-
ization term on pseudo-outlier samples. The overall training
objective is formulated as:

L =
∑

G∈ Din
train

[
LID(h(G)) + β

∑
G′∈ DOOD

Lreg(sG′)

]
(13)

where LID denotes the traning loss from GOOD-D, DOOD
is pseudo-OOD graphs sampling by our method, sG′ =
sigmoid(h(G′)) is the OOD confidence score of a pseudo-
outlier G′, and Lreg is the boundary-aware loss that penal-
izes uninformative outliers near or inside the in-distribution
region and β controls the regularization strength.

Experiment
Experimental Setup
Datasets. To ensure fair and consistent evaluation, we
adopt the benchmark protocol introduced by (Liu et al.
2023a), which covers tasks of graph OOD detection and
graph anomaly detection. Besides, 15 datasets from the
Tox21 challenge and the TU benchmark (Morris et al. 2020)
are used for graph anomaly detection. Samples belonging to
the minority class or the true anomalous class are treated as
anomalies, whereas all others are considered normal. For all
datasets, we adopt the same splitting strategy as defined in
the UB-GOLD benchmark (Wang et al. 2025).

Baselines. We compare the baselines across four main cat-
egories, including 4 graph kernel with detector methods (Li
et al. 2016; Neumann et al. 2016; Liu, Ting, and Zhou
2008; Amer, Goldstein, and Abdennadher 2013), 4 SSL with
detector methods (Sun et al. 2020; You et al. 2020; Se-
hwag, Chiang, and Mittal 2021), 5 GNN-based graph-level
anomaly detection methods like OCGTL (Qiu et al. 2022),
SIGNET (Liu et al. 2023b), OCGIN (Zhao and Akoglu
2023), CVTGAD (Li et al. 2023), GLocalKD (Ma et al.
2023) and 2 GNN-based graph-level out-of-distribution de-
tection methods (Liu et al. 2023a; Wang et al. 2024).

Evaluation & Implementation. We evaluate OOD detec-
tion performance using the AUC metric. We report the mean
and standard deviation across 5 independent runs. Complete
implementation details, hyperparameter settings, and addi-
tional experimental results are provided in the appendix.

25713



ID dataset BZR PTC-MR AIDS ENZYMES IMDB-M Tox21 FreeSolv BBBP ClinTox Esol Avg.
RankOOD dataset COX2 MUTAG DHFR PROTEIN IMDB-B SIDER ToxCast BACE LIPO MUV

PK-SVM 43.1±7.9 50.2±6.7 52.1±2.6 49.9±3.2 49.0±3.0 51.0±2.0 49.3±2.9 53.0±2.3 51.9±3.0 51.7±1.8 14.5
PK-iF 52.8±2.2 52.0±4.0 50.8±1.8 52.6±2.4 51.9±3.0 50.7±1.1 51.9±1.7 53.1±1.8 51.7±1.6 51.2±4.1 13.7
WL-SVM 50.2±5.2 52.4±7.8 51.4±3.3 52.9±3.2 52.9±2.6 50.7±1.9 50.4±3.8 52.9±2.0 50.8±3.7 52.0±2.2 13.7
WL-iF 50.0±3.0 52.8±1.9 50.8±0.9 51.4±3.0 52.6±3.5 51.3±0.6 53.0±3.2 50.6±0.7 51.4±2.5 51.6±1.3 14.0

IG-iF 62.7±8.6 50.2±6.4 91.0±1.3 57.3±2.4 60.7±2.0 57.6±0.9 59.6±2.1 55.7±2.1 46.8±2.5 55.8±4.2 11.9
IG-MD 85.8±6.3 52.6±8.2 70.8±11.3 53.2±4.2 80.9±0.5 58.6±1.2 59.1±5.7 72.3±4.3 46.9±4.7 75.6±2.5 9.9
GCL-iF 58.9±5.4 52.4±2.7 91.3±2.1 60.8±3.1 58.0±2.5 58.0±1.4 56.7±1.5 57.9±2.0 48.8±1.4 60.3±3.7 11.2
GCL-MD 84.8±5.4 70.9±2.0 92.0±1.0 51.9±4.4 81.2±1.6 60.7±1.3 59.7±4.3 74.3±1.4 53.3±2.6 76.8±2.7 8.5

OCGIN 83.1±0.1 74.0±0.6 95.9±0.0 63.5±0.1 80.8±0.0 68.1±0.2 68.3±0.2 77.2±0.0 62.2±0.0 87.3±0.1 5.7
OCGTL 80.9±0.2 75.3±0.6 99.3±0.0 67.6±0.0 67.4±0.7 60.9±0.0 64.6±0.0 76.3±0.0 54.8±1.1 84.9±0.0 6.3
SIGNET 86.9±0.3 81.9±0.6 97.3±0.0 62.1±0.1 83.0±0.1 65.6±0.1 75.4±0.1 91.4±0.0 73.0±0.1 87.2±0.0 3.4
CVTGAD 96.9±0.0 80.3±0.3 99.0±0.0 65.4±0.1 82.5±0.0 68.1±0.1 73.0±0.2 87.1±0.0 67.8±0.0 92.7±0.0 2.6
GLocalKD 80.7±0.2 75.0±0.6 94.0±0.0 58.9±0.1 81.4±0.1 56.7±0.1 70.7±0.3 68.0±0.4 56.7±0.1 88.0±0.3 7.0

GOOD-D 75.8±6.0 70.6±3.5 93.7±1.2 57.2±2.0 78.2±4.3 66.3±1.0 64.8±3.3 73.2±1.3 55.7±3.8 86.8±2.4 8.0
GOODAT 96.5±0.0 81.2±0.2 98.6±0.0 65.1±0.0 81.0±0.1 66.8±0.0 68.5±0.3 83.1±0.1 68.5±0.0 89.6±0.0 3.7

PGOS 94.8±1.1 84.1±1.7 96.8±2.3 68.9±1.6 85.4±1.4 74.2±1.1 74.9±0.3 87.4±1.1 75.2±1.1 92.5±0.4 1.9

Table 1: OOD detection performance in AUC (%, mean ± std), with the best and second-best results in bold and underlined.

AIDS+DHFR BZR+COX2 ENZYMES+PROTEINS

Figure 3: T-SNE visualizations of graph embeddings learned
by PGCL on three different datasets. Each point denotes a
graph, and colors represent the K = 8 distinct clusters.

Experimental Results and Analysis
To evaluate the effectiveness of our proposed method, we
conduct comprehensive experiments including: (1) perfor-
mance evaluation on OOD detection and anomaly detection
tasks, (2) ablation study, (3) visualization analysis, and (4)
sensitivity analysis of the number of prototypes.

Performance Evaluation on OOD Detection. As shown
in Table 1, we compare our proposed PGOS method with 15
competitive baselines across 10 representative OOD detec-
tion benchmarks. PGOS achieves the best average rank of
1.9, demonstrating strong overall performance and general-
ization across diverse distributional shifts. The performance
gains are particularly obvious on several datasets. For in-
stance, PGOS surpasses the second-best method by 2.2%
AUC on PTC-MR/MUTAG. On other benchmarks such as
IMDB-M/IMDB-B and Tox21/SIDER, it also achieves sig-
nificant improvements of 2.4% and 6.1% over the runner-
up, respectively. Furthermore, even on challenging datasets
like ENZYMES/PROTEIN where many methods struggle,
PGOS achieves superior performance. These results con-
sistently validate the effectiveness and robustness of our
policy-guided outlier synthesis framework.

Policy-Guided Sampling Gaussian Sampling

ID Point
Pseudo-OOD

ID Point
Pseudo-OOD

Figure 4: T-SNE visualization of sampled points generated
by the RL-based and Gaussian sampling strategies on the
BBBP+BACE OOD dataset.

Performance Evaluation on Anomaly Detection. To
evaluate the effectiveness of our proposed method in the
anomaly detection setting, we conduct comprehensive ex-
periments on 15 graph-level anomaly detection benchmark
datasets. As shown in Table 2, our method achieves new
state-of-the-art performance on 7 out of 15 datasets. Even
on datasets where PGOS is not the leading method, its per-
formance remains highly competitive. Furthermore, PGOS
demonstrates its superior performance most clearly on chal-
lenging datasets where other baselines struggle. For exam-
ple, it achieves state-of-the-art performance on both HSE
and COX2, outperforming the runner-up methods by signif-
icant margins of 5.9% and 4.0% AUC, respectively. These
results confirm that our adaptive synthesis policy is a pow-
erful and versatile solution for identifying both anomalous
and out-of-distribution graphs.

Ablation Study. As presented in Table 3, we analyze the
crucial role of each component within the PGOS framework.
The results demonstrate that the policy-guided sampling
module is the most critical element; its removal (PGOS-

25714



Method WL-SVM IG-iF GCL-iF OCGIN OCGTL SIGNET CVTGAD GLocalKD GOOD-D GOODAT PGOS

PROTEINS 52.9±3.8 55.8±2.0 59.1±2.5 76.3±0.0 74.2±0.0 72.6±0.1 74.4±0.0 71.4±0.5 72.4±0.0 77.9±2.4 81.3±0.3

ENZYMES 57.2±2.6 52.4±4.5 52.1±4.0 63.6±2.2 66.0±0.1 63.2±0.3 69.4±0.7 66.0±0.4 61.5±0.7 59.1±2.5 67.1±0.1

AIDS 49.2±3.4 72.8±2.4 78.0±2.7 99.8±0.0 99.6±0.0 92.2±0.3 98.6±0.0 97.3±0.0 95.9±0.1 96.0±1.0 96.9±0.1

DHFR 52.9±3.0 51.4±3.0 50.3±2.8 59.8±0.2 59.4±0.1 72.7±0.6 64.2±0.1 59.6±0.1 64.5±0.0 62.2±2.5 73.2±0.2

BZR 52.3±6.2 61.2±2.5 61.2±2.8 68.9±0.4 63.5±0.6 79.3±1.3 80.0±0.5 63.9±1.3 65.7±0.6 59.0±5.3 77.1±2.4

COX2 49.2±2.9 55.7±2.9 51.0±1.7 57.4±0.5 56.6±0.3 70.6±0.2 67.6±0.4 49.2±0.6 61.6±0.7 59.3±7.6 74.6±2.3

DD 46.2±1.1 57.8±2.8 53.8±2.0 80.5±0.0 80.4±0.0 74.1±0.1 74.2±0.0 78.3±1.4 78.5±0.0 78.2±2.2 81.1±0.4

NCI1 52.9±1.4 52.4±1.9 50.7±1.7 52.2±0.1 79.0±0.0 69.1±0.0 75.0±0.0 61.1±0.1 60.9±0.1 45.6±1.0 76.1±0.1

IMDB-B 52.7±1.8 64.9±3.1 54.9±3.5 61.2±0.2 63.1±0.0 70.3±0.1 71.5±0.2 50.6±0.2 67.6±0.2 65.5±4.3 67.7±2.4

REDDIT-B 47.4±2.9 67.5±3.0 75.0±1.6 93.3±0.0 89.7±0.0 85.8±0.1 87.7±0.0 79.5±0.1 88.5±0.0 80.3±0.8 86.4±0.7

COLLAB 62.0±1.8 45.0±2.8 49.3±2.8 62.2±0.1 51.4±0.0 71.2±0.1 65.2±0.0 48.0±0.0 63.4±0.0 45.3±0.9 74.5±1.2

HSE 64.9±1.1 51.5±3.0 50.9±1.8 72.3±0.1 59.2±0.0 67.2±0.0 67.0±0.3 58.8±0.0 72.7±0.1 63.4±1.1 78.6±0.0

MMP 58.3±2.0 56.9±1.8 54.3±1.6 69.0±0.0 60.8±0.5 75.1±0.1 69.9±0.0 60.8±0.4 71.6±0.0 69.4±0.4 71.7±0.1

p53 59.8±2.8 52.1±1.6 55.0±2.1 69.3±0.1 66.4±0.1 66.4±0.1 67.9±0.0 63.7±0.0 68.7±0.0 63.2±0.1 69.8±0.1

PPAR 58.9±1.8 53.4±2.9 51.8±1.8 65.0±0.0 64.7±0.0 70.4±0.2 66.1±0.0 65.7±0.0 70.8±0.0 66.8±2.5 68.0±0.1

Avg. Rank 9.6 9.8 10.2 4.5 5.6 4.1 3.5 7.4 4.2 6.7 2.1

Table 2: Anomaly detection performance in AUC (%, mean ± std), with the best and second-best results in bold and underlined.

Model Variants BZR PTC-MR IMDB-M Tox21
COX2 MUTAG IMDB-B SIDER

PGOS-LIPS 93.3±1.1 82.2±2.2 83.7±1.4 72.9±1.7

PGOS-PGCL 93.4±2.7 80.9±3.7 81.6±1.3 71.7±2.4

PGOS-Htarget(st) 93.1±1.3 82.8±2.1 82.0±1.3 70.6±1.4

PGOS-RL 77.5±1.6 74.5±1.3 76.8±2.6 64.9±2.3

PGOS-Full 94.8±1.1 84.1±1.7 85.4±1.4 74.2±1.1

Table 3: Performance comparison of PGOS and its ablated
variants, reported as AUC scores (%, mean ± std).

RL) leads to a significant performance degradation across
all datasets, causing the AUC score to drop by an aver-
age of 11.2% and by as much as 17.3% on the BZR/-
COX2 dataset. This underscores the fundamental impor-
tance of an adaptive exploration policy. Furthermore, the
other components also prove important for achieving opti-
mal performance. Removing the inter-prototype separation
loss (PGOS-LIPS) and the spatially-aware entropy regular-
ization (PGOS-Htarget(st)) also results in noticeable perfor-
mance drops, confirming their respective roles in structuring
the latent space and efficiently guiding exploration. The su-
perior performance of the full PGOS model over all ablated
variants confirms that all components contribute synergisti-
cally to the framework’s overall effectiveness.

Visualization. To provide an intuitive understanding of
the effectiveness of our PGCL module and policy-guided
sampling strategy, we visualize both the learned embeddings
and the sampled points on several representative datasets us-
ing T-SNE. As illustrated in Figure 3, PGCL produces com-
pact and well-separated clusters, effectively structuring the
latent space across diverse dataset distributions and facili-
tating pseudo-outlier synthesis. Figure 4 further shows that
the policy-guided sampler generates pseudo-OOD samples
clearly separated from ID clusters, while the Gaussian sam-
pler adds isotropic noise around the midpoint of two ran-
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Figure 5: Sensitivity analysis of the number of prototypes K
on OOD detection performance across different datasets.

domly selected cluster centers, yielding less distinguishable
samples.

Sensitivity Analysis of the Number of Prototypes. Fig-
ure 5 illustrates the sensitivity of prototype count K on 2
OOD dataset pairs and 1 anomaly detection dataset. A small
K performs poorly as too few clusters generate ineffective
pseudo-OOD samples for regularization. Conversely, a suf-
ficient K improves the representation of the ID data, which
helps generate higher-quality outliers and enhances detec-
tion capability. This analysis confirms the importance of se-
lecting an adequate number of prototypes to achieve optimal
model performance.

Conclusion
We introduce PGOS, a framework for unsupervised graph
OOD detection that learns an adaptive policy to replace
static sampling. Our method first structures the latent space
using Prototypical Graph Contrastive Learning, then de-
ploys a policy-guided agent to explore low-density regions
and generate informative pseudo-outliers. These pseudo-
outliers are then used to train a robust OOD detection model.
Experimental results demonstrate the effectiveness of our
approach, with PGOS achieving strong performance and
state-of-the-art results on the majority of OOD and anomaly
detection benchmarks. Future work includes exploring more
advanced reward mechanisms and extending our paradigm
to other data modalities and security-related tasks.
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Kumar, N.; Šegvić, S.; Eslami, A.; and Gumhold, S. 2023.
Normalizing flow based feature synthesis for outlier-aware
object detection. In Proceedings of the IEEE/CVF con-
ference on computer vision and pattern recognition, 5156–
5165.
Lee, O.-J.; et al. 2025. Pre-Training Graph Neural Networks
on Molecules by Using Subgraph-Conditioned Graph Infor-
mation Bottleneck. In Proceedings of the AAAI Conference
on Artificial Intelligence, volume 39, 17204–17213.
Li, A.; and Pan, Y. 2016. Structural information and dynam-
ical complexity of networks. IEEE Transactions on Infor-
mation Theory, 62: 3290–3339.
Li, H.; and Zhang, T. 2025. Outlier Synthesis via Hamilto-
nian Monte Carlo for Out-of-Distribution Detection. In The
Thirteenth International Conference on Learning Represen-
tations.
Li, J.; Xing, Q.; Wang, Q.; and Chang, Y. 2023. Cvtgad:
Simplified transformer with cross-view attention for unsu-
pervised graph-level anomaly detection. In Joint European
conference on machine learning and knowledge discovery in
databases, 185–200. Springer.
Li, J.; Zhou, P.; Xiong, C.; and Hoi, S. C. 2021. Prototypical
Contrastive Learning of Unsupervised Representations. In
International Conference on Learning Representations.
Li, P.; Yu, X.; Peng, H.; Xian, Y.; Wang, L.; Sun, L.; Zhang,
J.; and Yu, P. S. 2025. Relational Prompt-Based Pre-Trained
Language Models for Social Event Detection. ACM Trans.
Inf. Syst., 43(1): 12:1–12:43.
Li, W.; Saidi, H.; Sanchez, H.; Schäf, M.; and Schweitzer, P.
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