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Abstract

Distributional discrepancy between training and test data can lead models to make
inaccurate predictions when encountering out-of-distribution (OOD) samples in
real-world applications. Although existing graph OOD detection methods lever-
age data-centric techniques to extract effective representations, their performance
remains compromised by structural redundancy that induces semantic shifts. To
address this dilemma, we propose RedOUT, an unsupervised framework that in-
tegrates structural entropy into test-time OOD detection for graph classification.
Concretely, we introduce the Redundancy-aware Graph Information Bottleneck
(ReGIB) and decompose the objective into essential information and irrelevant re-
dundancy. By minimizing structural entropy, the decoupled redundancy is reduced,
and theoretically grounded upper and lower bounds are proposed for optimization.
Extensive experiments on real-world datasets demonstrate the superior performance
of RedOUT on OOD detection. Specifically, our method achieves an average im-
provement of 6.7%, significantly surpassing the best competitor by 17.3% on the
ClinTox/LIPO dataset pair.

1 Introduction

Deep learning models have achieved impressive success across a wide range of tasks, yet they can
behave unpredictably when faced with out-of-distribution (OOD) data that differ significantly from
the training distribution, making high-confidence but incorrect predictions. OOD detection [3} 44} 47]]
seeks to identify such inputs and is critical for reliable deployment in open-world scenarios. This
challenge becomes even more pronounced for graph-structured data due to the non-Euclidean nature
and complex topological structures.

Recent advancements [9} 20, |39]] in graph OOD detection can be broadly divided into two main
categories. (1) End-to-end methods [20] aim to train OOD-specific graph neural networks
(GNNs) [13} 146] from scratch using only unlabeled ID data. These approaches typically lever-
age unsupervised objectives such as graph contrastive learning (GCL) to extract discriminative
representations that can separate ID and OOD samples during inference (> Figure [[(a)[i)). (2)
Post-hoc methods [9, [39] employ well-trained GNNs and fine-tune OOD detectors to refine the
predictions or representations at inference time (t> Figure [[(a)(ii)). Specifically, GOODAT [39]
stands out by directly optimizing a learnable graph masker on test samples without altering the
pre-trained model. This test-time setting with data-centric modification is more practical for removing
the dependency on labeled training data or model retraining.

Despite significant advancements in the aforementioned data-centric paradigm, a less-explored
challenge persists. While pre-trained models can effectively extract information from ID data, they
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Figure 1: (a) A schema comparison. (b) A toy example of distinctive components within test graphs.
(c) Scoring distributions before/after structural entropy (abbr. SE) minimization.

lack ground-truth information indicative of the underlying distribution when inferring on both ID
and OOD test data, which is often embedded within the graph structure. As illustrated in the toy
example in Figure [I(b)] graphs in test batches comprise distinctive components (highlighted by
dashed circles) and irrelevant structural elements. Effectively capturing these distinctive components
can intuitively differentiate OOD samples from ID graphs. However, the pervasive presence of similar
irrelevant structural elements hinders current methods from accurately capturing and distinguishing
these essential structures between ID and OOD data. Although GOODAT [39] tries to address this
concern by utilizing graph maskers to identify subgraphs in test data that are similar to those in
ID graphs from training datasets, it fundamentally relies on learnable graph augmentations. These
augmentations can inadvertently alter the semantic information of substructures or lead to information
loss, thereby compromising the reliability of OOD detection.

To capture the distinctive information while preserving structural semantics, we first decompose
the information within graph into essentiality and redundancy, leveraged by the graph information
bottleneck [435]]. Structural entropy, which provides a hierarchical abstraction to measure structural
complexity [[15]], further inspires us to utilize the technology to eliminate decoupled redundant
information. We compute the scoring distributions of graph representations before and after structural
entropy minimization on the AIDS/DHFR dataset pair (with AIDS as ID dataset and DHFR as OOD
dataset), as shown in Figure[I(c)] From score density plots, we observe that after structural entropy
minimization, OOD scores exhibit smaller variance and a decrease in the overlap between OOD and
ID samples. This intuitively demonstrates that by removing redundancy, the more distinctive parts of
graphs are retained, enabling more effective differentiation of the distributions.

In this paper, we propose an innovative redundancy-aware test-time graph OOD detection framework,
termed RedOUT, aiming at endowing well-trained models with the ability to extract the essential
structural information from test graphs effectively. Concretely, we introduce the Redundancy-aware
Graph Information Bottleneck (ReGIB) and decompose the objective into distinctive essential view
and irrelevant redundancy. By minimizing structural entropy, coding tree is constructed to instantiate
the essential view, effectively removing redundancy. To make the overall objectives tractable, we
establish upper and lower bounds for optimizing essential and redundant information. A comparison
between RedOUT and existing methods is illustrated in Figure [I(a)l It is important to note that
structural entropy minimization serves as a preprocessing step, utilizing an approximation algorithm
that does not require additional learning. Leveraging hierarchical representation learning based on
the coding tree, we calibrate OOD scores to get better predictions without modifying the parameters
of pre-trained models. Extensive experiments on real-world datasets demonstrate the superiority of
RedOUT against state-of-the-art (SOTA) baselines. The contributions of this work are as follows:

* We propose a novel framework for test-time unsupervised graph OOD detection, termed RedOUT.
To the best of our knowledge, this is the first trial to endow trained models with the ability to
capture the essential structural information of graphs during test-time.



* We introduce the ReGIB to decouple the essential and redundant information within graphs, where
coding tree with minimized structural entropy is instantiated as essential view. We further introduce
the upper and lower bounds for optimizing the ReGIB objectives.

» Extensive experiments validate the effectiveness of RedOUT, demonstrating the superior perfor-
mance over SOTA baselines in unsupervised OOD detection.

2 Notations and Preliminaries

Before formulating the research problem, we first provide some necessary notations. Let G =
(V; E; X) represent a graph, where V is the set of nodes and E is the set of edges. The node features
are represented by the feature matrix X 2 R"*4f where n = jVj is the number of nodes and d
is the feature dimension. The structure information can also be described by an adjacency matrix
A 2 R™ "™ 0 a graph can be alternatively represented by G = (A; X). Notation with its description
can be found in Appendix [A]

Unsupervised Pre-training with Contrastive Loss. In the general graph contrastive learning
paradigm for graph classification, two augmented graphs are generated using different graph aug-
mentation operators. Subsequently, representations are generated using a GNN encoder, and further
mapped into an embedding space by a shared projection head for contrastive learning. A typical

graph contrastive loss, InfoNCE [5} 53], treats the same graph G; in different views G{* and G?
as positive pairs and other nodes as negative pairs. The graph contrastive learning loss L¢; can be

formulated as: esim(Z; \Z;) /T

5 1 X
Loi(G*GY) = N log P
i=1 j=1,j#i
where Z¢* and Zf are graph-level representations on G¢* and Gf , N denotes the batch size, is the
temperature coefficient, and sim( ; ) stands for cosine similarity function.

In this study, inspired by GOOD-D[20], we employ 5 layers of GIN [46] as the backbone and
adopt a perturbation-free augmentation strategy to construct view G = (A; P), where P is formed

(rw) (rw) —

by concatenating p; = [p; jjpglp )]. Specifically, the random walk diffusion encoding p,
[RW;; RW?Z; ;RWI;] 2 R", where RW = AD™! is the random walk transition matrix, and D is

[

- ; 1
eszm(Zi Zi)/T )

the diagonal degree matrix. The Laplacian positional encoding p(-lp ) = [ D’%AD*%]M. With the

original graph G as the basic view, loss L (G; G7) is computezd to optimize the pre-trained model.

Test-time Graph-level OOD Detection. Following GOODAT [39]], we consider an unlabeled
ID dataset D = fG!g,y where graphs are sampled from distribution P and an OOD dataset
Do°d = £G°°gno sampled from a different distribution P°°?. Given a graph G from D¢, [ D22,
test-time graph OOD detection aims to detect whether G originates from P*¢ or P°°? utilizing a GNN
f pre-trained on ID graphs D{¢ .~ D?. Specifically, the objective is to learn an OOD detector

D(; ) that assigns an OOD detection score S = D(F; G), with a higher s indicating a greater
probability that G is from P°°? (note that Di¢,, \ D¢ . = ; Di4, D', and D% D%,

train
Structural Entropy. Structural entropy is initially proposed [15] to measure the uncertainty of
graph structure, revealing the essential structure of a graph. The structural entropy of a given graph
G = TV, E; Xg on its coding tree T is defined as:

Ou vol(v;) .
or vol(V) = vol(vy)’

H”(G) = 2

where v is anode in T except for root node and also stands for a subset V.- 2 V, g, is the number

of edges connecting nodes in and outside V., VI is the immediate predecessor of v, and vol(v,),
vol(v;h) and vol(V) are the sum of degrees of nodes in V., v;" and V, respectively.

3 Methodology

This section elaborates on RedOUT with its framework shown in Figure [2| We first derive the
Redundancy-aware Graph Information Bottleneck (ReGIB) (> Sec.[3.1) by decomposing the objective
into essential information and irrelevant redundancy, and introduce their upper and lower bounds.
Additionally, we construct coding tree with minimized structural entropy as the essential view and
instantiate the ReGIB with tractable bounds for efficient optimization (&> Sec. [3.2)).



Figure 2: Overview of the overall framework of RedOUT and proposed ReGIB. (a) the ReGIB
principle and its bounds. (b) obtained by minimizing structural entropy of g@apioding treel

serves as an instantiation of the essential view. (c) message passing and aggregating on graph are
under the guidance of the coding tree.

3.1 The Principle of ReGIB

According to the graph information bottleneck (GIB) principl], retaining optimal representation

on a graph view should involve maximizing mutual information (MI) between the output and ground-
truth labels (i.e.max I(f(G); Y ) ) while reducing mutual information between input and output (i.e.,
min I (G; f(G))). This can be expressed as follows:

minGIB , 1(f(G):Y )+ 1(G:f(G)): ©)

where is the Lagrangian parameter to balance the two te¥fris,the ground-truth labels, and; )
denotes the mutual information between inputs.

As mentioned, ID and OOD graphs can be distin-
guished based on distinctive structures. In this
section, we introduc& with essential informa-
tion of the original graplt in test-time setting
for the rsttime, extending the GIB principle.

Compared to vanilla GIB, the proposed ReGIB

accounts for the fact that the model pre-trained

solely on ID graphs, struggles to generalize to

unseen distribution, leading to the representigure 3: Comparison between the basic GIB and
tions containing not only the optimal compogroposed ReGIB. Note ReGIB balances signals
nents but also irrelevant redundandy Fig- 1 2 with optimalf(G ) to capture the essential
ure 3(b)). Moreover, for unsupervised taskiformation and discard redundancy.

the predicted labet is used as a surrogate for
the unknown label distribution, enabling training without access to ground-truth Mbédlkus, by

substituting G andY into Eq. (3), we have:

min If(G );Y)+ I(G ;f(G )): 4)
Besides, due to semantic shifts in representations during test-time, the dual information sources
(f(G ) andY) may contain redundany. Therefore, it is crucial to further decouple the dependence
among f(G ), f(G), and Y.

Proposition 1 (Lower Bound of I(f(G ); Y)).
IF(G ) Y)=1FG )fG)+I(f(G ) YIf(G) IFG )f(G)Y)
I(F(G ) f(G)) I(F(G ) f(G) Y):
Eg. (7) and (15] Eg. (8) and (16]
Proofs for Proposition 1 is provided in Appendix C.2.

De nition 3.1 (Redundancy-aware Graph Information Bottleneck). Given a test g&a@nd the

pseudo-labeY predicted by pre-trainefd, ReGIB aims to capture the distinctive struct@e with
essential information and further learn the optimal representation ¥ {at satis es:

minReGIB, 1(f(G LG +IF(G ) f(G) ¥)+ (G ;f(G )): (6)

(%)




Remark. Intuitively, the rstterml(f(G );f(G)) is the prediction term, which encourages that
essential information to the graph property is preserved. The last two téii@s );f(G)j ¥) and

I(G ;f(G )) are used for compression, which encourage that irrelevant redundant information
is dropped. Since the well-trained modetends to make accurate predictions on ID graphs, its
predictions for OOD graphs, which are unseen during training, are more random. The model struggles
to identify distinctive structural information and similar redundant structures. However, with the
distinctive patterns o6 , ReGIB can provide ground-truth information to calibrate the model's
predictions on test graphs. A further comparison of ReGIB and GIB on an argumentation view is
conducted in Appendix C.9.

The key to our objective is how to obtain the distinctive structareand how to acquire the most
optimal and essential information based on pseudo-labels while eliminating irrelevant redundancy in
representations. Thus, we introduce the lower and upper bounds for Eq. (6).

Proposition 2 (Lower Bound of | (f(G ); f(G))).
If(G )f(G) L ci(G ;G)+log(N): (7)
Proposition 3 (Upper Bound of (f(G );f(G)j Y)). For anyQ(f(G)j Y'), the variational upper

bound of conditional mutual information I(f'(|G); f(G)] Y)is:

#
I(f(G )f(G) ¥) E » log P(fp(g(cij);f;g(f()é;)v) : v

Proofs for Proposition 2 and 3 are provided in AppendixC.3 and C.4.

Redundancy-eliminated Essential Information. The key to effectively distinguishing between

ID and OOD graphs lies in maximizing the elimination of redundancy while preserving essential
information. Suppose the optimal vie® can capture the essential information while eliminating
redundancy of graph G. Here, we rst provide the de nition of essential view as follows.

De nition 3.2. The essential view with redundancy-eliminated information is supposed to be a
distinctive substructure of the given graph.

Based on the above analysis, the redundancy-eliminated view should retain the minimal amount of
information while capturing the most distinctive structural patterns. The mutual information between
G and G can be formulated as:

I(G ;G) =H(G ) H(G |G); )
whereH(G ) is the entropy o andH(G jG) is the conditional entropy d& conditioned or.

Theorem 3.3. The information is is a subset of information i® (i.e.,H(G ) H(G) ); thus,
we have:
H(G jG)=0: (20)

The detailed proof of Theorem 3.3 is shown in Appendix C.5. Here, the mutual information between
G and G can be rewritten as:

I(G ;G) =H(G ): (11)
Proposition 4 (Upper Bound of(G ;f(G ))). Given the tupldG; G ;f(G )), the learning proce-
dure follows the Markov Chairn G! G 'f(G ) >. Accordingly, to acquire the essential view
with essential information, we need to optimize:

minl(G ;f(G )) minl(G ;G)=minH(G ): (12)
To eliminate redundancy, we introduce structural entropy as a measure of the information content
within the hierarchy of the graph. Thus, we argue that the view obtained by minimizing structural

entropy of a given graph represents the redundancy-eliminated information, serving as an essential
view that retains the graph's distinctive substructure.

To extract optimal and essential representation§onwe aim to maximize(f(G );f(G)) and
minimize |(f(G );f(G)j Y) to obtain the optimal encoder, such that:

f o =argmaxI(f(G ):f(G) I(f(G  )f(G) V) (13)

We also analytically provide theoretical guarantee for redundant and essential information as follows.



Theorem 3.4. According to Proposition 2, optimizing ldssg, (G ; G) is equivalent to maximizing
the mutual information 1(f(G ); f(G)), which could lead to the maximization of I(f(G ); Y ).

Remark. Theorem 3.4 (See proof in Appendix C.6) reveals that our essential view enables the
encoder to preserve more information associated with the ground-truth labels, which will boost the
performance of downstream tasks.

Theorem 3.5 (Bounds of Redundant and Essential Information). Suppose the ehdsdeple-
mented by a GNN as powerful as the 1-WL test. Supgdiea countable space and th@Sis a
countable space, wheredenotes equivalenc&( = G, if G1; G, cannot be distinguished by the
1-WL test). De nePgoy (G%Y9) =Pgy (G = G%Y)andTYGY) = Egw [T (G)iG = GY
for G°2 G. Then, the optimal f and G to RedOUT satis es:

LG ;Y)=I(f (G )Y) It AGY;Y);
2. 1(F (G);GjY) min 1I1(t%G9;GY) It AGY;Y);
wheret(G)=G ;t4G% T 9G9,t°@GY T °(GY,(G;Y) P gy and(G5Y) P cov .

Therefore, the encoder optimized by ReGIB enables encoding a representation that has limited
redundant information and more essential information (See proof in Appendix C.7).

3.2 ReGIB Principle Instantiation

To optimize ReGIB, we begin by constructing coding tree to instantiate essential information, and
then specify the lower and upper bounds de ned in Proposition 2, 3 and 4.

Coding Tree Construction (Instantiation for G ). For any given test graph, we construct an
essential view of the graph with minimal structural entropy, as de ned by(EY). Speci cally,
according to structural information theordd), the structural entropy of a graph needs to be calcu-
lated with the coding tree. Besides the optimal coding tree with minimum structural entropy (i.e.,
mingt fH T (G)g), a xed-height coding tree is often preferred for its better representing the xed
natural hierarchy commonly found in real-world networks. Thereforekttiamensional structural
entropy of G is de ned on coding tree with xed height k:
) - ; T :

HY (G) 8T:H£;LQT):k fH ' (G)g: (14)
The total process of generation of a coding tree with xed helgban be divided into two steps: 1)
construction of the full-height binary coding tree, and 2) compression of the binary coding tree to
heightk. Given root node/; of the coding tred’, all original nodes in grapts = (V; E) are treated
as leaf nodes. Correspondingly, based on SER jve design two ef cient operator8/ERGE
andDROP , to construct a coding tree with minimum structural entropy. An overview of these
operators is shown in Algorithm 1 (in Appendix D).

Remark. The coding tree, as a hierarchical abstraction of the original graph structure, can be
considered a contrastive vielv= arg min H T (G), which serves as an instantiation of the essential
information in graphG. By minimizing structural entropy, this essential vidweffectively reduces
redundant information from the graphs while preserving distinctive structural features, enabling the
capture of distinct patterns between ID and OOD samples.

Representing Learning on Essential Information.  Within the test-time OOD detection setting,

the parameters of the pre-trained model are frozen. To maintain the optimal representation of the
essential information, we update parameters of the coding tree encoder based on the tree essential
view T constructed during preprocessing. Speci cally, the encoder is designed to iteratively transfer
messages from the bottom to the top. Formally, Itiie layer of the encoder can be written as,

x{ =MLPO T Ly x8P | wherex], is the feature of in thei-th layer of coding tred, x
is the input feature of leaf nodes, a@dqv) refers to the children of. The aggregated node features
fromthe(l 1) -thlayer of coding tree are used as inputs forlthie layer, continuing the propagation

towards the top of the tree. Once the features reach the root node, a readout function is applied to
obtain the tree embeddingrZ

Instantiation for 1(f(G );f(G)) . Based on the lower bound derived in K@), the mutual
information between the essential view G and basic view G is estimated by:

If(G ):f(G) =L (G ;G): (15)



Table 1. OOD detection results in terms of AU%,(mean std). The best and runner-up results are
highlighted with bold andunderline respectively. A.A. is short for average AUC. A.R. implies the
abbreviation of average rank. The results of baselines are derived from the published works, with
unreported results denoted by ™'

ID dataset ‘ BZR PTC-MR AIDS ENZYMES IMDB-M Tox21 FreeSolv BBBP ClinTox Esol ‘ AA AR
OOD dataset COX2 MUTAG DHFR PROTEIN IMDB-B SIDER ToxCast BACE LIPO MUV o o
Non-deep Two-step Methods
PK-LOF 42.228.39 51.046.04 50.153.29 50.472.87 4803253 51.331.81 49.163.70 53.102.07 50.002.17 50.821.48 49.63 149
PK-OCSVM 42558.26 49.716.58 50.173.30 50.462.78 48.07241 51.331.81 48823.29 53.052.10 50.062.19 51.001.33 4952 148
PK-iF 51.461.62 5429433 51.101.43 5167269 50.672.47 4987082 5228187 51.471.33 50.811.10 50.853.51 5145 129
WL-LOF 48.996.20 53.31898 50.772.87 52.662.47 5228450 5192158 5147423 5280191 51.293.40 51.261.31 51.68 12.1
WL-OCSVM 49.16 451 53.317.57 5098271 51.772.21 5138239 51.081.46 50.383.81 52.852.00 50.773.69 50.971.65 51.27 13.0
WL-iF 50.242.49 51.432.02 50.100.44 51.172.01 51.072.25 50.250.96 52.602.38 50.780.75 50.412.17 50.611.96 50.87 14.2

Deep Two-step Methods
InfoGraph-iF 63.179.74 5143519 93.101.35 60.001.83 58.731.96 56.280.81 56.921.69 53.682.90 48.511.87 54.165.14 59.60 9.9
InfoGraph-MD | 86.146.77 50.798.49 69.0211.67 55.253.51 81.381.14 59.972.06 58.055.46 70.494.63 48.125.72 77.571.69 65.68 8.5
GraphCL-iF 60.003.81 50.864.30 92.901.21 61.332.27 59.671.65 56.810.97 5555271 59.413.58 47.840.92 62.124.01 60.65 10.2
GraphCL-MD | 83.646.00 73.032.38 93.752.13 52.876.11 79.092.73 5830152 60.31524 7572154 5158364 78.731.40 70.70 6.3

End-to-end Training Methods
OCGIN 76.664.17 80.386.84 86.016.59 57.652.96 67.933.86 46.091.66 59.604.78 61.218.12 49.134.13 54.045.50 63.87 9.3
GLocalkD 75.75599 70.633.54 93.671.24 57.182.03 78.254.35 66.280.98 64.823.31 73.151.26 55.713.81 86.832.35 72.23 6.1
GOOD-Dyjmp 93.003.20 78.432.67 98.910.41 61.89251 79.711.19 6530127 70.482.75 8156197 66.132.98 91.390.46 78.68 3.4

GOOD-D 9499225 8121265 99.07040 6184194 79.941.09 66.501.35 80.133.43 8291258 69.183.61 91.520.70 80.73 24
Test-time and Data-centric Methods

GTrans 55.175.04 62.382.36 60.121.98 49.94567 51.552.90 61.670.73 50.813.03 64.022.10 58.542.38 76.313.85 59.05 10.0

AAGODs + 76.75 66.22 59.00 64.26 67.80

AAGOD, + 76.00 65.89 62.70 57.59 57.13

GOODAT 82.160.15 81.840.57 96.430.25 66.291.54 79.030.03 68.920.01 68.830.02 77.070.03 62.460.54 85.910.27 76.89 3.9

RedOUT 95.06 0.54 94.451.66 99.980.16 66.752.02 79.540.72 71.670.50 92.970.84 92.600.23 86.560.76 95.000.54 87.46 1.3

Improve ‘ 4+0.07 4+12.61 4+0.91 4+0.46 4+2.75 4+12.84 4+9.69 4+17.38 4+3.48 4+6.73 4

Instantiation for 1(f(G );f(G)j Y). To specify the variational upper bound, we treat the similarity
betweerZ andZ given the predicted lab&f = arg max(softmax(Z)) as an approximation of the
log-likelihoodlog P(f(G)if (G ); Y), and seQ(f(G)] Y)=E, prey v)€"¢ “7), whereZ

are negative samples drawn from the conditional distribudi(fiG)j Y ). Thus,I(f(G );f(G)| Y)
can be approximately instantiated as (Proof in Appendix C.8):

I(G ):f(G)j Y) =L cri (GG ); (16)
where Lcg) is conditional redundancy-elimineged loss, i.e., ]
[
Leri (GG ) E yp v)Ezz: pe)tc Jiw SIM(Z;Z 1) 109E 7z pgo)yp emz  Zr)
(17)

Optimization. Regarding objectives in Eqg. (15) and (16), the overall optimization objective is:
L=Lc+L cri; (18)

where is a trade-off hyperparameter. When implementing OOD detection, we employ this overall
loss L as the OOD detection score.

4 Experiment

In this section, we empirically evaluate the effectiveness of the proposed Re@iObf&iled settings
and additional results can be found in Appendix E.

Datasets. For OOD detection, we employ 10 pairs of datasets from two mainstream graph data
benchmarks (i.e., TUDatase?4 and OGB [L1]) following GOOD-D [20]. We also conduct
experiments on anomaly detection settings, where the samples in minority class or real anomalous
class are viewed as anomalies. Further details are shown in Appendix E.1.

Baselines. We compare RedOUT with 18 competing baseline methods, including 6 graph kernel
based methods3p, 38|, 4 GCL [20, 34, 49] based methods, 4 end-to-end training meth@ds%1],

1 test-time training method4?], and 3 data-centric OOD detection metho8s39]. More details

about implementation are provided in Appendix E.2.

Evaluation and Implementation. We evaluate RedOUT with a popular OOD detection metric, i.e.,
the area under receiver operating characteristic Curve (AUC). Higher AUC values indicate better
performance. The reported results are the mean performance with standard deviation after 5 runs.

2The code of RedOUT is available at: https://github.com/name-is-what/RedOUT.



4.1 Performance on OOD Detection

In this section, we compare our proposed methods with 18 competing methods in OOD detection tasks.
From the comparison results in Table 1, we observe that RedOUT achieves superior performance
improvements, which outperforms other baselines on 9 out of 10 dataset pairs and ranks rst on
average among all baselines with an average rank (A.R.) of 1.3. Concretely, RedOUT achieves an
average AUC of 87.46, outperforming all compared methods by 6.7% over the second-best approach
GOOD-D [20]. Moreover, RedOUT delivers nearly a 10% performance gain on 4 pairs of molecular
datasets. Notably, on the ClinTox/LIPO dataset pair, RedOUT surpasses the best competitor by
17.3%. These ndings highlight the superiority of RedOUT in OOD detection tasks, demonstrating
its strong capability to capture essential information in graph data.

We also observe that RedOUT does not achieve the absolute best results on the IMDB-B/IMDB-M
dataset pair. We consider this phenomenon to be within our expectation, as for molecular graphs,
semantic information is directly manifested in their structural composition (e.g., molecular functional
groups), thereby enhancing effectiveness. In contrast, for social networks such as IMDB-B and
IMDB-M, which originate from the same data source and differ only in labels, the inherent semantic
information is similarly re ected structurally, making it challenging to distinguish based solely on
structure. A further explanation is provided through a case study in Sec. 4.5.

Time Complexity Analysis. Given a graplG = (V;E), the time complexity of coding tree
construction i©D(h(jEjlogjVj+jV]))) , in whichh is the height of coding tre€ after the rst step. In
general, the coding trek tends to be balanced in the process of structural entropy minimization, thus,
h will be aroundlog jVj. Furthermore, a graph generally has more edges than nodggji.§Vj

To evaluate the ef ciency of RedOUT, we plot

the runtime and memory usage at peak time on

Erdos-Rényi graphs witfEj = 2jVj shown in

Figure 4. The results illustrate that from smaller

scales to the OGB datasets (e.g., ogbg-code2,

with an average count of around 100 nodes),

the runtime and memory usage scale up nearly

linearly with jVj, which is consistent with the

theoretical analysis above. RedOUT remains

ef cient even for graph sizes that exceed thoggigyre 4: Scalability of coding tree construction
of OGB datasets. We also compared the timg Erchs-Rényi graphs with jEj = 2jVj.
consumption in Appendix E.6.

Table 2: Anomaly detection results in terms of AUC
(%, mean std). The best and runner-up results are
To investigate if RedOUT can generalize thighlighted with bold and underlineespectively.

the anomaly detection settingd, 51], we con-

: - Dataset | ENZYMES __ DHFR BZR IMDB-B _ REDDIT-B
duct experlments on 5 datasets following th“PK—OCSVM 53.672.66 47.913.76 4685531 50.753.10 4568224
benchmarkin GOOD-DJO], From the results pkirF 5130201 5211396 5532618 50.803.17 46.723.42
- WL-OCSVM | 55.242.66 5024313 5056587 54.08519 49.312.33
shown in Table 2, we nd that RedOUT shows wi.ir 51.603.81 50.292.77 52.463.30 50.200.40 48.260.32

i ; GraphCL-F | 53604.88 5110235 6024537 5650490 71.804.38
signi cant performance improvements COM-Gcéiv | sa7s508 4923505 6501147 6019890 75938165

i i LocalkD | 61.398.81 56.71357 69.427.78 5209341 77.852.62
pared to other baselines, owing to the Strongosp'sy 1615545 es71ase 7adsso1 sedo 106 876718
capability to capture essential patterns. Morggeno | 5605 20125 Bissis 2ol PAA
experiments on other 5 datasets for anomalyoobar | 5233474 6152286 64.77387 65.464.3¢ 80.310.85

detectlon can be found in Append|x E.8. RedOUT | 77.645.64 65.514.95 89.624.72 67.480.59 89.81254

4.2 Performance on Anomaly Detection

4.3 Ablation Study

In this section, we conduct ablation experiments on all OOD detection datasets to analyze the
effectiveness of two variants by separately remouing andLcg, . Results are presented in
Table 3. Ablating_ ¢ prevents the pre-trained model from obtaining a new optimal representation
for calibrating the OOD score. In contrast, ablatingg, impairs the removal of irrelevant redundant
information. This further demonstrates the effectiveness of ReGIB in disentangling essential and
redundant information. Concretely, we withess RedOUT surpassing both variants, which provides
insights into the effectiveness of the proposed losses and demonstrates their importance in achieving
better performance for capturing essential information.



Table 3: Ablation study results of RedOUT and its variants in terms of A(hfean std). The
best and runner-up results are highlighted with bold and undenaspectively.

Lla Le | BZR PTC-MR AIDS ENZYMES IMDB-M Tox21 FreeSolv BBBP ClinTox Esol
RI
| Ccox2 MUTAG DHFR PROTEIN IMDB-B SIDER ToxCast BACE LIPO MUV
7 93.041.83 86.384.72 98.790.30 58.763.02 73.282.13 65.061.49 87.634.41 86.381.54 76.753.03 91.612.32

7 9273171 89.402.84 98.770.16 58.732.81 7267213 67.051.35 88.664.40 8599169 76.90243 91.811.77
| 95.060.54 94.451.66 99.980.16 66.752.02 79.540.72 71.670.50 92.970.84 92.600.23 86.560.76 95.00 0.54

4.4 Parameter Study

The Height k of Graph's Natural Hierarchy. Here, we delve deeper into the effect of the height

on the graph's natural hierarchy. The speci ¢ performance of RedOUT under each kgighging

from 2 to 5, on OOD detection is shown in Figure 5. We can observe that the optimal keigtht

the highest accuracy varies among datasets. We also conducted experiments on the impact of coding
tree height on anomaly detection datasets, as detailed in Appendix E.9.

Figure 5: The natural hierarchy of graph. Figure 6: The sensitivity of hyperparameter .

Sensitivity Analysis of . To analyze the sensitivity of for RedOUT, we alter the value from
le-04 to 1. The AUC w.r.t different selections ofs plotted in Figure 6. Results demonstrate the
performance is sensitive to changes in and contains a reasonable range across different datasets.

4.5 Visualization and Case Study

Visualization. The embeddings learned by Red-

OUT on AIDS/DHFR are visualized using t-

SNE [37] in Figure 7(a)-(c). The representa-

tionsZ from the pre-trained model tend to blend

ID and OOD graphs. The limitation of GOO-

DAT [39] lies in the relatively small representa-

tion space, which results in over-compression of

representations and consequently diminishes the (&) W-r.tZ (b) wrtZr  (c) w.rt GOODAT

discriminability between ID and OOD samples-igure 7: T-SNE visualization of embeddings,
In contrast, the representation gapZm IS most whereZ is from the pre_trained model, arzj].

prominent, highlighting its superior effectiveis from the coding tree encoder.
ness in capturing essential structures.

Case Study. To further investigate the suboptimal performance of RedOUT on social networks, we
visualize the essential structures extracted on IMDB-B and IMDB-M, as shown in Figure 8(a)-(b).
These datasets share similar structural characteristics (e.g., star-shaped and mesh-like patterns) but
differ in the nature of classi cation task (binary versus multi-class). The similarity in structural
semantics suggests that the intrinsic information captured by the coding tree may not suf ciently dis-
tinguish these datasets from a structural standpoint, consistent with the results in Table 1. In contrast,
Figure 8(c)-(d) illustrates the extracted essential structures on PTC-MR and MUTAG, highlighting
RedOUT's capability in molecular datasets where structural differences are more pronounced and
crucial for OOD detection. Additional case studies and analyses are provided in Appendix E.10.

5 Related Work

Graph Out-of-distribution Detection. Graph OOD detection aims to distinguish OOD graphs from
ID ones to address the excessive con dence predictions. Lots of existing me#hd§,[17] focus



(a) IMDB-M (b) IMDB-B (c) PTC-MR (d) MUTAG

Figure 8: Visualization of the essential structure based on the coding tree preserved by RedOUT on
IMDB-B/IMDB-M and PTC-MR/MUTAG dataset pairs.

on improving the generalization ability of GNNs for speci ¢ downstream tasks like node classi cation
through supervised learning, rather than identifying OOD samples. Other advancein26t89|

focus on training OOD-speci ¢ GNN models or enable well-trained models in a post-hoc manner
with training or test samples. In this work, we provide a novel perspective for identifying OOD
graphs at test-time by focusing on essential information based on structural entropy.

Structural Entropy. Structural entropy 5], an extension of Shannon entro84], quanti es system
uncertainty by measuring the complexity of graph structures through the coding tree. Structural
entropy has been widely applied in various domab®; 42, 48, 41, 40], such as dynamic network
analysis 9], hierarchical community detectiod ], and graph structure learning9]. In our work,

we apply structural entropy to capture the distinctive structure with essential information on test
graphs for test-time OOD detection.

Discussion and Comparison with Related Methods. Here, we elucidate the association between
our proposed RedOUT and two prominent methods, namely GOODAT [39] and SEGO [10].

* GOODAT. GOODAT [39 rst introduced the setting of test-time OOD detection, where a plug-
and-play graph masker is trained to decompose the test-time graph into two subgraphs. Although
GOODAT is built upon the GIB principle, it does not consider the redundancy in graph structures
and cannot guarantee that the subgraph decomposition preserves semantic information. In contrast,
RedOUT is the rst to theoretically decouple GIB into redundant and essential components, and
improves OOD detection for pre-trained models by explicitly removing redundancy at test-time.

» SEGO. SEGO 10 stands out as a pioneering work speci cally crafted for unsupervised OOD
detection, achieving promising results through a pre-hoc operation that minimizes structural en-
tropy. It is noteworthy that SEGO is a fully end-to-end method trained from scratch, which differs
from the setting considered in this paper. Although SEGO also follows structural information
principles, it does not investigate what constitutes redundancy or how it should be removed. In
contrast, our approach is the rst to isolate redundancy from the perspective of GIB and extract
the essential structural information.

Further comparisons and analysisn be found in Appendix E.5 and E.6.

6 Conclusion

In this paper, we present a redundancy-aware test-time OOD detection framework, termed RedOUT,
aiming at endowing well-trained GNN models with the ability to extract essential information
for the rst time. Concretely, we propose the Redundancy-aware Graph Information Bottleneck
and decompose the objective into essential information and irrelevant redundancy. By minimizing
structural entropy, coding tree is constructed to instantiate the essential view, and tractable bounds
are introduced for ef cient optimization. Extensive experiments on real-world datasets demonstrate
the superior performance of RedOUT over state-of-the-art baselines in unsupervised OOD detection.
One limitation is that we mainly consider the graph-level tasks, and leave extending our method to
the node-level test-time OOD detection for future explorations.

Acknowledgements
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3Since SEGO adopts a data-centric preprocessing strategy to assist OOD-speci ¢ training, it does not fall
under the category of native end-to-end methods. Therefore, we compare it separately with RedOUT in Table 8.
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NeurlPS Paper Checklist

1. Claims

Question: Do the main claims made in the abstract and introduction accurately re ect the
paper's contributions and scope?

Answer: [Yes]

Justi cation: Abstract and introduction accurately re ect the paper's contributions and
scope.

Guidelines:

The answer NA means that the abstract and introduction do not include the claims
made in the paper.

The abstract and/or introduction should clearly state the claims made, including the
contributions made in the paper and important assumptions and limitations. A No or
NA answer to this question will not be perceived well by the reviewers.

The claims made should match theoretical and experimental results, and re ect how
much the results can be expected to generalize to other settings.

Itis ne to include aspirational goals as motivation as long as it is clear that these goals
are not attained by the paper.

2. Limitations
Question: Does the paper discuss the limitations of the work performed by the authors?
Answer: [Yes]

Justi cation: The limitations regarding the future research direction of the work are discussed
in the conclusion section.

Guidelines:

The answer NA means that the paper has no limitation while the answer No means that
the paper has limitations, but those are not discussed in the paper.

The authors are encouraged to create a separate "Limitations" section in their paper.

The paper should point out any strong assumptions and how robust the results are to
violations of these assumptions (e.g., independence assumptions, noiseless settings,
model well-speci cation, asymptotic approximations only holding locally). The authors
should re ect on how these assumptions might be violated in practice and what the
implications would be.

The authors should re ect on the scope of the claims made, e.g., if the approach was
only tested on a few datasets or with a few runs. In general, empirical results often
depend on implicit assumptions, which should be articulated.

The authors should re ect on the factors that in uence the performance of the approach.
For example, a facial recognition algorithm may perform poorly when image resolution
is low or images are taken in low lighting. Or a speech-to-text system might not be
used reliably to provide closed captions for online lectures because it fails to handle
technical jargon.

The authors should discuss the computational ef ciency of the proposed algorithms
and how they scale with dataset size.

If applicable, the authors should discuss possible limitations of their approach to
address problems of privacy and fairness.

While the authors might fear that complete honesty about limitations might be used by
reviewers as grounds for rejection, a worse outcome might be that reviewers discover
limitations that aren't acknowledged in the paper. The authors should use their best
judgment and recognize that individual actions in favor of transparency play an impor-
tant role in developing norms that preserve the integrity of the community. Reviewers
will be speci cally instructed to not penalize honesty concerning limitations.

3. Theory assumptions and proofs

Question: For each theoretical result, does the paper provide the full set of assumptions and
a complete (and correct) proof?
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Answer: [Yes]
Justi cation: The full set of assumptions and proofs is provided in the paper.
Guidelines:

» The answer NA means that the paper does not include theoretical results.
« All the theorems, formulas, and proofs in the paper should be numbered and cross-

referenced.

* All assumptions should be clearly stated or referenced in the statement of any theorems.

The proofs can either appear in the main paper or the supplemental material, but if
they appear in the supplemental material, the authors are encouraged to provide a short
proof sketch to provide intuition.

Inversely, any informal proof provided in the core of the paper should be complemented
by formal proofs provided in appendix or supplemental material.

Theorems and Lemmas that the proof relies upon should be properly referenced.

4. Experimental result reproducibility

Question: Does the paper fully disclose all the information needed to reproduce the main ex-
perimental results of the paper to the extent that it affects the main claims and/or conclusions
of the paper (regardless of whether the code and data are provided or not)?

Answer: [Yes]

Justi cation: Our paper fully discloses all the information needed to reproduce the main
experimental results.

Guidelines:

The answer NA means that the paper does not include experiments.

If the paper includes experiments, a No answer to this question will not be perceived
well by the reviewers: Making the paper reproducible is important, regardless of
whether the code and data are provided or not.

If the contribution is a dataset and/or model, the authors should describe the steps taken

to make their results reproducible or veri able.

Depending on the contribution, reproducibility can be accomplished in various ways.

For example, if the contribution is a novel architecture, describing the architecture fully

might suf ce, or if the contribution is a speci c model and empirical evaluation, it may

be necessary to either make it possible for others to replicate the model with the same

dataset, or provide access to the model. In general. releasing code and data is often

one good way to accomplish this, but reproducibility can also be provided via detailed
instructions for how to replicate the results, access to a hosted model (e.g., in the case
of a large language model), releasing of a model checkpoint, or other means that are
appropriate to the research performed.

While NeurlPS does not require releasing code, the conference does require all submis-

sions to provide some reasonable avenue for reproducibility, which may depend on the

nature of the contribution. For example

(a) If the contribution is primarily a new algorithm, the paper should make it clear how
to reproduce that algorithm.

(b) If the contribution is primarily a new model architecture, the paper should describe
the architecture clearly and fully.

(c) If the contribution is a new model (e.g., a large language model), then there should
either be a way to access this model for reproducing the results or a way to reproduce
the model (e.g., with an open-source dataset or instructions for how to construct
the dataset).

(d) We recognize that reproducibility may be tricky in some cases, in which case
authors are welcome to describe the particular way they provide for reproducibility.
In the case of closed-source models, it may be that access to the model is limited in
some way (e.g., to registered users), but it should be possible for other researchers
to have some path to reproducing or verifying the results.

5. Open access to data and code

15



Question: Does the paper provide open access to the data and code, with suf cient instruc-
tions to faithfully reproduce the main experimental results, as described in supplemental
material?

Answer: [Yes]
Justi cation: The adopted datasets are public datasets. The code of RedOUT is available.
Guidelines:

» The answer NA means that paper does not include experiments requiring code.

» Please see the NeurlPS code and data submission guiddiites/(nips.cc/
public/guides/CodeSubmissionPolicy) for more details.

» While we encourage the release of code and data, we understand that this might not be
possible, so “No” is an acceptable answer. Papers cannot be rejected simply for not
including code, unless this is central to the contribution (e.g., for a new open-source
benchmark).

» The instructions should contain the exact command and environment needed to run to
reproduce the results. See the NeurlPS code and data submission guidstp®es (
/Inips.cc/public/guides/CodeSubmissionPolicy) for more details.

» The authors should provide instructions on data access and preparation, including how
to access the raw data, preprocessed data, intermediate data, and generated data, etc.

» The authors should provide scripts to reproduce all experimental results for the new
proposed method and baselines. If only a subset of experiments are reproducible, they
should state which ones are omitted from the script and why.

« At submission time, to preserve anonymity, the authors should release anonymized
versions (if applicable).
 Providing as much information as possible in supplemental material (appended to the
paper) is recommended, but including URLSs to data and code is permitted.
6. Experimental setting/details

Question: Does the paper specify all the training and test details (e.g., data splits, hyper-
parameters, how they were chosen, type of optimizer, etc.) necessary to understand the
results?

Answer: [Yes]
Justi cation: Our paper speci es all the training and testing details.
Guidelines:

» The answer NA means that the paper does not include experiments.

* The experimental setting should be presented in the core of the paper to a level of detalil
that is necessary to appreciate the results and make sense of them.

 The full details can be provided either with the code, in appendix, or as supplemental
material.
7. Experiment statistical signi cance

Question: Does the paper report error bars suitably and correctly de ned or other appropriate
information about the statistical signi cance of the experiments?

Answer: [Yes]

Justi cation: Our paper shows average results over 5 runs with different random seeds and
reports the variance for our metrics.

Guidelines:

» The answer NA means that the paper does not include experiments.

« The authors should answer "Yes" if the results are accompanied by error bars, con -
dence intervals, or statistical signi cance tests, at least for the experiments that support
the main claims of the paper.

» The factors of variability that the error bars are capturing should be clearly stated (for
example, train/test split, initialization, random drawing of some parameter, or overall
run with given experimental conditions).
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» The method for calculating the error bars should be explained (closed form formula,
call to a library function, bootstrap, etc.)

» The assumptions made should be given (e.g., Normally distributed errors).

« |t should be clear whether the error bar is the standard deviation or the standard error
of the mean.

* It is OK to report 1-sigma error bars, but one should state it. The authors should
preferably report a 2-sigma error bar than state that they have a 96% Cl, if the hypothesis
of Normality of errors is not veri ed.

« For asymmetric distributions, the authors should be careful not to show in tables or
gures symmetric error bars that would yield results that are out of range (e.g. negative
error rates).

« If error bars are reported in tables or plots, The authors should explain in the text how
they were calculated and reference the corresponding gures or tables in the text.

Experiments compute resources

Question: For each experiment, does the paper provide suf cient information on the com-
puter resources (type of compute workers, memory, time of execution) needed to reproduce
the experiments?

Answer: [Yes]
Justi cation: Our paper provides suf cient information on the computer resources.
Guidelines:

» The answer NA means that the paper does not include experiments.

» The paper should indicate the type of compute workers CPU or GPU, internal cluster,
or cloud provider, including relevant memory and storage.

» The paper should provide the amount of compute required for each of the individual
experimental runs as well as estimate the total compute.

» The paper should disclose whether the full research project required more compute
than the experiments reported in the paper (e.g., preliminary or failed experiments that
didn't make it into the paper).

. Code of ethics

Question: Does the research conducted in the paper conform, in every respect, with the
NeurlPS Code of Ethics https://neurips.cc/public/EthicsGuidelines?

Answer: [Yes]
Justi cation: Our research complies with the NeurlPS Code of Ethics.
Guidelines:

* The answer NA means that the authors have not reviewed the NeurlPS Code of Ethics.

« |If the authors answer No, they should explain the special circumstances that require a
deviation from the Code of Ethics.

» The authors should make sure to preserve anonymity (e.g., if there is a special consid-
eration due to laws or regulations in their jurisdiction).
Broader impacts

Question: Does the paper discuss both potential positive societal impacts and negative
societal impacts of the work performed?

Answer: [Yes]
Justi cation: The societal impacts of the work are discussed in Appendix F.
Guidelines:

» The answer NA means that there is no societal impact of the work performed.

« If the authors answer NA or No, they should explain why their work has no societal
impact or why the paper does not address societal impact.

« Examples of negative societal impacts include potential malicious or unintended uses
(e.g., disinformation, generating fake pro les, surveillance), fairness considerations
(e.g., deployment of technologies that could make decisions that unfairly impact speci ¢
groups), privacy considerations, and security considerations.
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to point out that an improvement in the quality of generative models could be used to
generate deepfakes for disinformation. On the other hand, it is not needed to point out
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technology is being used as intended but gives incorrect results, and harms following
from (intentional or unintentional) misuse of the technology.
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strategies (e.g., gated release of models, providing defenses in addition to attacks,
mechanisms for monitoring misuse, mechanisms to monitor how a system learns from
feedback over time, improving the ef ciency and accessibility of ML).

11. Safeguards
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Question: Does the paper describe safeguards that have been put in place for responsible
release of data or models that have a high risk for misuse (e.qg., pretrained language models,
image generators, or scraped datasets)?

Answer: [NA]
Justi cation: The paper poses no such risk.
Guidelines:

» The answer NA means that the paper poses no such risks.

» Released models that have a high risk for misuse or dual-use should be released with
necessary safeguards to allow for controlled use of the model, for example by requiring
that users adhere to usage guidelines or restrictions to access the model or implementing
safety lters.

» Datasets that have been scraped from the Internet could pose safety risks. The authors
should describe how they avoided releasing unsafe images.

» We recognize that providing effective safeguards is challenging, and many papers do
not require this, but we encourage authors to take this into account and make a best
faith effort.

Licenses for existing assets

Question: Are the creators or original owners of assets (e.g., code, data, models), used in
the paper, properly credited and are the license and terms of use explicitly mentioned and
properly respected?

Answer: [Yes]
Justi cation: The adopted datasets and compared baselines are properly credited.
Guidelines:

» The answer NA means that the paper does not use existing assets.

» The authors should cite the original paper that produced the code package or dataset.

» The authors should state which version of the asset is used and, if possible, include a
URL.

» The name of the license (e.g., CC-BY 4.0) should be included for each asset.

» For scraped data from a particular source (e.g., website), the copyright and terms of
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« If assets are released, the license, copyright information, and terms of use in the
package should be provided. For popular datapetgerswithcode.com/datasets

has curated licenses for some datasets. Their licensing guide can help determine the
license of a dataset.

« For existing datasets that are re-packaged, both the original license and the license of
the derived asset (if it has changed) should be provided.
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« If this information is not available online, the authors are encouraged to reach out to
the asset's creators.

New assets

Question: Are new assets introduced in the paper well documented and is the documentation
provided alongside the assets?

Answer: [NA]
Justi cation: Our paper does not release new assets.
Guidelines:

« The answer NA means that the paper does not release new assets.

» Researchers should communicate the details of the dataset/code/model as part of their
submissions via structured templates. This includes details about training, license,
limitations, etc.

» The paper should discuss whether and how consent was obtained from people whose
asset is used.

« At submission time, remember to anonymize your assets (if applicable). You can either
create an anonymized URL or include an anonymized zip le.

Crowdsourcing and research with human subjects
Question: For crowdsourcing experiments and research with human subjects, does the paper

include the full text of instructions given to participants and screenshots, if applicable, as
well as details about compensation (if any)?

Answer: [NA]
Justi cation: Our paper does not involve crowdsourcing nor research with human subjects.

Guidelines:

» The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.

« Including this information in the supplemental material is ne, but if the main contribu-
tion of the paper involves human subjects, then as much detail as possible should be
included in the main paper.

» According to the NeurlPS Code of Ethics, workers involved in data collection, curation,
or other labor should be paid at least the minimum wage in the country of the data
collector.

15. Institutional review board (IRB) approvals or equivalent for research with human

subjects

Question: Does the paper describe potential risks incurred by study participants, whether
such risks were disclosed to the subjects, and whether Institutional Review Board (IRB)

approvals (or an equivalent approval/review based on the requirements of your country or
institution) were obtained?

Answer: [NA]
Justi cation: Our paper does not involve crowdsourcing nor research with human subjects.

Guidelines:

» The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.

» Depending on the country in which research is conducted, IRB approval (or equivalent)
may be required for any human subjects research. If you obtained IRB approval, you
should clearly state this in the paper.

» We recognize that the procedures for this may vary signi cantly between institutions
and locations, and we expect authors to adhere to the NeurlPS Code of Ethics and the
guidelines for their institution.

* For initial submissions, do not include any information that would break anonymity (if
applicable), such as the institution conducting the review.
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non-standard component of the core methods in this research? Note that if the LLM is used
only for writing, editing, or formatting purposes and does not impact the core methodology,
scienti ¢ rigorousness, or originality of the research, declaration is not required.
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A Notation Table

As an expansion of the notations in our work, we summarize the frequently used notations in Table 4.

B Related Work

Graph Out-of-distribution Detection. Graph OOD detection aims to distinguish OOD graphs from

ID ones to address the excessive con dence predictions. Lots of existing me8#d$,[17] focus

on improving the generalization ability of GNNs for speci ¢ downstream tasks like node classi cation
through supervised learning, rather than identifying OOD samples. Other advancen26t89|

focus on training OOD-speci ¢ GNN models or enable well-trained models in a post-hoc manner
with training or test samples. In this work, we provide a novel perspective for identifying OOD
graphs at test-time by focusing on essential information based on structural entropy.
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Table 4: The most frequently used notations in this paper.

Notations Descriptions
G =(V;E;X) Graph with the node set V and edge set E
Vv The set of nodes in the graph
E The set of edges in the graph
X The feature matrix
pid | pood The distribution where the graphs are sampled from
Y 2f0;1g The label of test graph
Y The predicted label of test graph
A The adjacency matrix of the graph
G =(A;X) The original graph as the basic view
G =(A;P) Perturbation-free augmentation on G
H The structural entropy
T Tree essential view of the graph
k The coding tree height
z Graph embedding from the well-trained GNN model

Zt Tree embedding
LiLci;Lcr Overall loss, contrastive loss and conditional redundancy-eliminated loss
Hyperparameter for loss trade-off

Structural Entropy. Structural entropy 5], an extension of Shannon entrofB4], quanti es system
uncertainty by measuring the complexity of graph structures through the coding tree. Structural
entropy has been widely applied in various domab; 42, 48, 41, 40], such as dynamic network
analysis 9], hierarchical community detectiod ], and graph structure learning9]. In our work,

we apply structural entropy to capture the distinctive structure with essential information on test
graphs for test-time OOD detection.

Discussion and Comparison with Related Methods. Here, we elucidate the association between
our proposed RedOUT and two prominent methods, namely GOODAT [39] and SEGO [10].

» GOODAT. GOODAT [39] rstintroduced the setting of test-time OOD detection, where a plug-
and-play graph masker is trained to decompose the test-time graph into two subgraphs. Although
GOODAT is built upon the GIB principle, it does not consider the redundancy in graph structures
and cannot guarantee that the subgraph decomposition preserves semantic information. In contrast,
RedOUT is the rst to theoretically decouple GIB into redundant and essential components, and
improves OOD detection for pre-trained models by explicitly removing redundancy at test-time.

» SEGO. SEGO 10 stands out as a pioneering work speci cally crafted for unsupervised OOD
detection, achieving promising results through a pre-hoc operation that minimizes structural en-
tropy. Itis noteworthy that SEGO is a fully end-to-end method trained from scratch, which differs
from the setting considered in this paper. Although SEGO also follows structural information
principles, it does not investigate what constitutes redundancy or how it should be removed. In
contrast, our approach is the rst to isolate redundancy from the perspective of GIB and extract
the essential structural information.

Further comparisons and analysisin be found in Appendix E.5 and E.6.

C Theoretical Justi cation

C.1 Preliminaries for Mutual Information

De nition C.1 (Informational Divergence). The informational divergence (also called relative entropy
or Kullback-Leibler distance) between two probability distributiprendq on a nite spaceX (i.e.,

“Since SEGO adopts a data-centric preprocessing strategy to assist OOD-speci ¢ training, it does not fall
under the category of native end-to-end methods. Therefore, we compare it separately with RedOUT in Table 8.
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a common alphabet) is de ned as
X
" p(x) p(X)
D = x)lo =E, lo :
ke (Pija) p(x) log q) -~ oP 9905 (19)

x2X

Remark C.1. Dy, (pjjg) measures the distance betwgeandg. However,D(jj)) is not a true
metric, and it does not satisfy the triangular inequaldyy (pjjq) is non-negative and zero if and
only if p=q.

De nition C.2 (Mutual Information). Given two discrete random variablkésandY , the mutual
information (M) I1(X;Y) is the relative entropy between the joint distributfuix; y) and the product
of the marginal distributions p(x)p(y), namely,

I(X;Y)=D K)L( (PG Yiip(p(Y))

p(X;y)
p(x;y)log
YoXy2Y p(x)p(y) (20)

p(x;y)log p((g) :
X2X;y2Y p

Remark C.2. 1(X;Y) is symmetrical inX andY,i.e.,I(X;Y) =H(X) H(XjY)=H(Y)
H(Y jX) = I(Y ; X).

C.2 Proof for Proposition C.3

Proposition C.3 (Lower Bound of I(f(G ); Y)).

IFG ) Y) IFG  )f(G) IF(G  )f(G) Y): (21)
Proof.
IFG ) Y)=1(FG RFGY+IEG ) YfG) G )f(G) Y): (22)
Since mutual information is non-negative, i.e.,
I(f(G ) Yif(G)) O: (23)
This implies that:
IF(G ) Y) IFG  )fG) (G ):f(G) Y): (24)
O

C.3 Proof for Proposition C.4

To begin with, we revisit the graph contrastive learning logs, lformally expressed as:

XV eSimZ ;5z; )=
La(G ;G )= o logpPg SmZ | Z, =
=1 j=tje=i € :

(25)

whereN denotes the batch size,is the temperature coef cient, argim(; ) stands for cosine
similarity function.

Proposition C.4 (Lower Bound of I(f(G ); f(G)).
If(G )f(G) L (G ;G)+log(N): (26)

Proof. From [27], we easily get a lower bound of mutual information betwgenrzd Z, .

#
imZ ;iZ,) 1 X esSimZ ;:Z,)
Ec 1) logP SMZ | Z;) N log P M@ [ Z;) I(Z i:Z;) log(N):

(27)

j=1;j6=i i=1 j=1;j6=i
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According to Eqg. (25), we get

#
esim(Z i Zi) 1 o | esim(Z i 3Zi)
Lc(G ;G )=E : log P . : = — og P . ——
CI( ) (G G ) gr j’\il;jezi es|m(Z iZ;) N L gP j’\il;jazi eslm(Z iZi)
(28)
Thus, minimizing Lg; (G ; G ) is equivalent to maximize the lower bound of I{ZZ; ).
Therefore, we have
L ca(G;G) I(Z ;;Z;) log(N); (29)
which is equivalent to:
If(G ) f(G) L (G ;G)+log(N): (30)

This indicates that minimizing the contrastive ldsg (G ; G) is equivalent to maximizing the lower
bound of the mutual information I(f(G); f(G)).

O

C.4 Proof for Proposition C.7

We rst apply the upper bound proposed in the Variational Information Bottleneck [1].

Lemma C.5 (Variational Upper Bound of Mutual Information). Given any two variadeandy,
we have the variational upper bound of I(X;Y):

I(X;Y)=E py) log PI(D\E\%) =Eppay) log %
P(Y jX
=Epxy) log ((?(\J( )) DI = :Z(E;IZ?TW )9
E py) 109 % | N

Lemma C.6 (Variational Upper Bound of Conditional Mutual Information). For any Q(UjY ),

PVjU;Y)

I(U;VIY) E puviy) |09W :

(32)

Proof. According to Lemma C.5, we can derive a variational upper bound for the conditional mutual
information 1(U; VjY ). First, the conditional mutual information can be expressed as:

P(U;VJjY)

I(U;VjY)=E puv: log—————— :
(U;VijY) puvy) log PUIY )PV V) (33)
Using the properties of conditional probability, we have
PU; VY ) =PV jU; Y )PUJY): (34)
Substituting this into the expression for mutual information, we obtain:
: P(VjU; Y)P(UjY) P(Vju;Y)
[(U;VijY)=E puv: I = Epuv: log——— :
(U;VijY) puviy) log PUNY P(V]Y) puviy) log POVIY) (35)

Next, introduce a variational distribution Q(V jY ) for V, and utilize the logarithmic identity:

PVILY)  P(VIUY)  PVIY)
9By -9 Qi) QVY)

(36)
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Therefore, the mutual information can be re-expressed as:

. P(\VijU;Y P\VijY
I(U;ViY)=E puyviv) log é(\J/in)) E pyviv) log QEV}Yi
P(VU;Y) (37)

=Epuvyy) log QNVY) D| KL [P(VJ?Z)kQ(VjY 1]:

non-negative

Since the KL divergence is non-negative, we have a variational upper bound for the conditional
mutual information:

T P(ViUY) .
I(U;V]Y) E puviy) log oY) (38)
Similarly, if we introduce a variational distribution Q(UjY ) for U:
. P(UjV;Y)
I(U;VijY) E Nz log ——— : 39
(U;ViY) E puvyy) log QUIY) (39)
In summary, the conditional mutual information I(U; V jY ) can be upper bounded as:

. PViU;Y) . P(UjV;Y)
I(U;VjY) E \ log——~—— orl(U;VjY) E puuv: log——=— : (40
(U;VJY) E puyvyy) log oV Y) (U;VijY) E puyviy) log QUIY) (40)

O

Proposition C.7 (Upper Bound of(f(G ); f(G)j Y)). For anyQ(f(G)j Y), the variational upper

bound of conditional mutual information I(f(G); f(G)] Y) is:
" #
P(f(G):f(G )iY)

P(F(G )iY)Q((G) Y)

If(G ):f(G)i Y) Ep log (41)

h ) i
Proof. Sincel(U;VjY) E puv:y) log Pé\(\'}j’%) inLemma C.6, lety =f(G ),V ={(G),
we have
#

. PEQGF(G ) Y)
I(F(G )f(G) Y) Ep | ; 42
(f(G )f(G)j Y) Er log QG T) (42)

whereP(f(G)jf(G ); Y) is the true conditional distributioR(f (G)jf (G ); ¥), andQ(f(G)j Y)is
a variational distribution used to approximate P(f(®)). Based on the multiplication rule,

PEG):T(G )iY)=PEGIH(G ) YIPE(G )iY): (43)

This implies that
P(G)T(G )iY).

Pf(Q)f(G );¥)= 44
(GG ) Y) PG )T) (44)
Substituting this into the variational upper bound, we have
" #
(G )f(G)i ¥) E p log P“S)fjg Y));Y)

" : # (45)

_ P(f(G).f(G )iY)

P(F(G )iY)Q(f(G) Y)

O
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Figure 9: Venn diagram of the mutual information between original graph and essential view.

C.5 Proof of Theorem C.9

In this section, we present the proof of the stateni{@ jG) = 0. First, we repeat the property
that the target essential view should own:

De nition C.8. The essential view with redundancy-eliminated information is supposed to be a
distinctive substructure of the given graph.

Now, letG be the target essential view of gra@hthe Ml betweerG andG (i.e.,I(G ;G)) can
be formulated as:
I(G ;G)=H(G ) HG |G); (46)

whereH(G ) is the structural entropy &8 andH(G jG) is the conditional entropy d& condi-

tioned onG. Before the proof, as shown in Figure 9, the Venn diagram on the left suggests the mutual
information (MI) between the original graph and the essential view in general cases, while the Venn
diagram on the right reveals the Ml relationship when the essential view is a substructure of the given
original graph (i.e., complies with De nition C.8).

Theorem C.9. The information il is a subset of information iG (i.e.,H(G ) H(G) ); thus,
we have
H(G jG)=0: (47)

Proof. According to the de nition of Shannon entropy [31], i.e.,
X
H(X) = P (x) log P (x); (48)
x2X

we follow the formulation of graph Ml in35] that X is a set of node representations drawn from an
empirical probability distribution of graph G, we have

H(G jG) =H(X jX): (49)
So the conditional entropy can be written as:
X

H(X jX)= PX)H(X jX =x)
X2X X
P(x) P(x jx)logP(x jx)

&x X 2X (50)
P(x ;x)logP(x jx)

yx X 2X

P(x ;x)logP(x jx):

X X

Considering thaG complies with the De nition C.8, the illustration of the probability distribution
of G and G is shown Figure 9(b). Here, let us rst discuss that when x 2 X and x 2 e have

P(x ;x)=0: (51)

Therefore, we can transform Eq. (50) to:
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X
H(X jX)= P(x ;xX)logP(x jx)

XX

X

P(x ;x )logP(x jx ) P(x ;x)logP(x jx)
X X X x2X
X
= P(x ;x )logP(x jx )
x>2x X 2X X

P(x ) P(x jx )logP(x jx )
2X X 2X

P(x )HX jX =x)

x 2X
=HX X )
=0: (52)
Therefore, given 8x 2 X, we have
H(G jG) =H(X jX)=0: (53)
Accordingly, we have
I(G ;G)=H((G ): (54)
O

C.6 Proof of Theorem C.12

With the essential view eliminating redundant information, we also theoretically prove that our
RedOUT effectively captures the maximum mutual information between the representations obtained
from the essential view and labels by minimizing the contrastive loss i{Xqg.The InfoMax
principle has been widely applied in representation learning litera®I@8[ 36]. MI quanti es the
amount of information obtained about one random variable by observing the other random variable.
We rstintroduce two lemmas.

Lemma C.10. Given that is a GNN encoder with learnable parameters @nds the target essential
view of graphG. If I(f(G );f(G)) reaches its maximum, thdff(G );G) will also reach its
maximum.

Proof. Because f(G) is a function of G,
IF(G ) G)=1(f(G ) f(G);G)+I((G ) Gif(G))

S10G ) HG)+IEG ) GIfG): (53)

Thus, .
IF(G (G =1(fG ) G) I(FG ) Gif(G)): (56)
While maximizingl(f(G );f(G)) , eitherl(f(G );G) increases of(f(G ); Gjf(G)) decreases.
Whenl(f(G ); Gjf(G)) reaches it minimum value of Of (G ); G) will de nitely increase. Hence,
the process of maximizingf(G );f(G)) can lead to the maximization off(G ); G) aswell. O
Lemma C.11. Given the essential view ®f graph G and an encoder f, we have
IF(G );G) If(G ), Y)+I(G;G jY): (57)

Proof.
If(G ).G)=If(G )G Y)+I{fG ) GjY)

SIHG )Y) 1GG  )YIO)+IAG )GV 9
Due to the non-negativity of mutual information,
I(G;G jY)=I(f(G );G,G jY)+I(G;G jY;f(G )
If(G );G;G jY) (the non-negativity of I) (59)

=1(fG ):Giv):
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According to Eq. (58) and (59), we get
IF(G ) G)+I(f(G ) YiG)=I(FfG )Y +I(f(G ),GjY)

IF(G  )Y)+I(G;G jY): (60)

Thus,
If(G );G) If(G ), Y)+I(G;G jY): 61)
O

Theorem C.12. According to Proposition 2, optimizing the contrastive losgG ; G) is equivalent
to maximizing I1(f(G ); f(G)), which could lead to the maximization of I(f(G ); Y ).

Proof. Minimizing the contrastive losk | (G ; G) is equivalent to maximizing a lower bound of

the mutual information between the latent representations of two views of the graph, and can be
viewed as one way of mutual information maximization between the latent representations (i.e.,
max|(f(G );f(G)) ). Consequently, the optimization bt (G ; G) is equivalent to maximizing

I(F(G ). f(G)).

According to Lemma C.10, we know that maximizing(G );f(G)) is equivalent to maximizing

If(G );G),i.e.,

max I(f(G );f(G))) maxI(f(G ); G): (62)
According to Lemma C.11, we have
If(G );G) IF(G ), Y)+I(G;G jY) (63)
Since
I(G;G )=I(G;G jY)+I(GG ;Y); (64)
it follows that
I(G;G jY) I(G;G ): (65)

By combining Eg. (63) and Eq. (65), we obtain:

If(G ):G) IF(G ) Y)+I(G G jY)

If(G )Y)+I(G;G ) (66)

Thus,
IF(G );6) (GG ) I(f(G )Y): (67)
Since the Eq(54) in Theorem C.9 we have already proventh& ;G) =H(G ), andG isthe
essential view of grapd obtained by minimizing structural entropy (i.eain H(G )), it follows
that
minl(G;G )=minH(G ): (68)
Thus,
maxI(f(G );G) (G ;G) maxI(f(G );Y): (69)
Therefore, minimizing the contrastive loksg| (G ; G) is equivalent to maximizing(f(G );f(G)) .
At this point, I(f(G );G) reaches its maximum, andG ;G) reaches its minimum, thereby
maximizing I(f(G );Y).

O

C.7 Proof of Theorem C.15

De nition C.13 (Graph Quotient Space). De ne the equivalencédetween two graph&; = G; if
G1; G, cannot be distinguished by the 1-WL test. De ne the quotient spice@&= = .

So every element in the quotient space, @.2 G°, is a representative graph from a family of graphs
that cannot be distinguished by the 1-WL test. Note that our de nition also allows attributed graphs.

De nition C.14 (Probability Measures ifs?). De ne Pgo over the spac&’ such thaPeo(G9 =
Ps(G = GY for anyG°2 G° Further de nePgoy (G%Y9) =Pgy (G= G%Y =Y9. Givena
GDA T () de ned overG, de ne a distribution orG’, T{(G%) = Egp [T (G)jG = GYfor G°2 G°.
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Theorem C.15 (Bounds of Redundant and Essential Information). Suppose the encoder f is imple-
mented by a GNN as powerful as the 1-WL test. Supg@&ea countable space and th@sis a
countable space, wheredenotes equivalenc&( = G, if G1; G, cannot be distinguished by the
1-WL test). De nePgoy (G%Y9) =Pgy (G = G%Y)andTYGY =Egw [T (G)iG = GY

for G°2 G. Then, the optimal f and G to RedOUT satis es:

LG ;Y)=I(f (G )Y) It AGYY);

2. 1(F (G);GjY) min 1I1(t%G9:;GY) It AGY;Y);

wheret(G)=G ;t4G% T 9G9,t°(GY T °(GY,(G;Y) P gy and(GY) P cov .
Proof. Becauses andGP are countablePg andPge are de ned over countable sets and thus discrete

distribution. Later we may call a functiar( ) can distinguish two graphs,, G, if z(G;) 6= z(G).

Moreover, for notational simplicity, we consider the following de nition. Becatisés as powerful
as the 1-WL test. Then, for any two grapBs; G, 2 G, G; = Gy, f (G1) =f (G2). We may
de ne a mapping ovets, also denoted by which simply satis esf (G9 :, f (G), where
G=G%andG2Gand G2 G

We rst prove the statement 1, i.e., the lower bound. Gi&n G ) f (G ) is an injective
deterministic mapping because of the injective Therefore, we have

If (G);Y)=1(G :Y): (70)

Givent® (G9,t°(GY I f  (t° (G9) is an injective deterministic mapping. Therefore, for any
random variable Q,

I (t°(GY:Q =1t °(G9:Q);
where @ P o;t°(GY T °(G9.
Of course, we may setQ =Y. So,

If @ GY)=1t °GYY) (71)
where (&Y) P gy ;t°(GY T °(GH.

Because of the data processing inequablyahdT° (GY) = Egp [T (G)iG = G9, we further
have

It (@)Y) If  (t°(GYY); (72)

where(G%Y) P ey ;(G;Y) Py ;t°(GY T °GYt (G) T (G): Further because of
the data processing inequality [6],

If (©G):Y) If (t (G)Y): (73)

Combining Eq. (71), (72), (73), we have
IF (G xY)=I(f ¢ @)Y) IF  GY)=It °GYY) min It AGNY);
(74)
which concludes the proof of the lower bound.

We next prove the statement 2, i.e., the upper bound. RecallthéB%) = E gp [T (G)iG = G
and® (GY T °(GY.
1t° (G GY =1t °(G(G%Y)) It ° (G YiGY
D1 °@% G5 Y)
=1t (G Y) +1(t ° (G GIY)

Pl @© G9):69Y) + 1t ° (G Y) (75)
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where(a) is because® (G% ? go Y, (b) is because the data processing inequaéiy Moreover,

becausé could be as powerful as the 1-WL test and thus could be injecti@ ie. with respect

to the measure®. Since f (G) =f (GYand TYGY =Egp [T (G)iG = G,
ItAGY:GY=1(f G f (G =1 G):f (G); (76)

where (G% T 9G9; t(G) T (G).

Since T =argmint I(G ;G)wheret (G) T (G)andEq. (76), we have

I(t° (G% G%) = argmin I(t(G); G; (77)

Again, becausé could be as powerful as the 1-WL test, its counterpart de ned &eire.,f ?
must be injective ove&’\ SUpp(E cop [T ° (G9)]) a.e. with respect to the measiite to achieve
such mutual information maximization. Here, Suppde nes the set where has non-zero measure.

Because of the de nition of # (GY =E gp [T (G)iG = GY,
G\ SUpp(Ecep [T (GO]) = G\ Supp(Ecr [T (G))): (78)

Therefore, f is a.e. injective over @ Supp(Ecp [T (G)]) and thus
I t°(GY:GY)=1(f (t (G):;GIY); (79)

Moreover, ag  cannot cannot distinguish more graph&GithanGP as the power of is limited by
1-WL test, thus,

If t (G):GIY)=1(f (t (G):GjY): (80)
Plugging Eq. (77),(79),(80) into Eq. (75), we achieve
If (G )GiY)=1(f (t (G):GjY) argmin I(tYG):GY) It °(GYY)
arg min 1(tYGY:; GY 1t (GY:;Y): (81)

wheretdG% T AG9Y) =Egp ([T(G)G = GJandt® (GY) T °(GY=Ecgp [T (G)G =
GY, which gives us the statement 1, which is the upper bound.

O

i) Enhancing Essential Information: statement 1 of Theorem C.15 highlights the effectiveness of
ReGIB in capturing essential information. It implies that the essential inform@&tiois guaranteed

to have at least as much mutual information with the ground-truth |2beds the augmented
representatiotGY), which suggests th& is highly informative with respect to the downstream
task.

ii) Limiting Redundant Information: statement 2 of Theorem C.15 establishes an upper bound on the
redundant information embedded in the representations. This aligns with the GIB princip(8)Eq.
when =1 ), ensuring that the encoder captures only the necessary information from input graph

G that is relevant to the downstream task. The statement suggests that ReGIB is capable of producing
representations with limited redundant information, thereby enhancing the overall ef ciency of the
representation learning process.

C.8 Proof of Instantiation for I(f(G );f(G)] Y)

According to Proposition C.7, we have:
#
P(f(G):f(G )iY)

PG )iY)Q((G) Y)

To specify the variational upper bound, we provide the proof for the instantiatigh(&f ); f(G)j Y)
as follows.

If(G ):f(G)i Y) Ep log

(82)
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Figure 10: Venn diagram of comparison between the basic GIB, GIB with a random augmentation
view, and proposed ReGIB. Note ReGIB captures the essential information and discards redundancy,
wherein(c) FI(f(G); Y), ¥ 2ZI(f(G ):f(G)), EIf(G ); ).

Proof. Since
) esim(u;v) #
|(U,VJY) E P(UViY) |Og Ni P iN_l esimuy | )
" = 14 (83)

-E ; . I iX\l sim(uv ;)
=Epuwvy) Sim(u;v) log N €

Here, we give the de nition of the conditional redundancy-eliminated lagg L )
h im(Z ;ZT)I :

(84)
Now, for Eq.(82), we treat the similarity betweefir andZ given the predicted predicted label
Y = softmax(Z) as an approximation of the log-likelihood log P(f(G)jf(G); Y'), and set

Q@) Y)=Ez pyoy v “7); (85)

where Z are negative samples drawn from the conditional distribution P(f§G)j

Leri (G5G )L E ypyy) Ezz: piyfc )iy SIM(Z,Z 1) 10gE 7z proyy €

Thus, I(f(G );f(G)] Y) can be approximately instantiated as:
(G )f(G)i ¥)=Lcri (GG ); (86)

C.9 Further Comparison of ReGIB and GIB with Random Augmentation Views

In this section, we provide a comparative analysis of ReGIB and GIB with random augmentation
views from an argumentation perspective. Compared to the standard GIB with random augmentation
views B Figure 10(a)), ReGIB addresses the limitations of models pretrained solely on ID data. Such
models often lack the generalization capability required for OOD data, which results in representations
that contain both relevant and irrelevant informati@ Kigure 10(c)). For unsupervised tasks,
models pretrained on ID data can leverage pseudo-labelstained from softmax outputs to reduce
dependence on ground-truth labels Y .

As discussed previously, ID and OOD graphs can be distinguished by their unique structural character-
istics. Through the proof of Theorem C.9, we show that essential structural information is embedded
within the original graph and can be extracted by minimizing structural entropy to obtain the essential
view G . Methods such as GOODAB], however, which use graph maskers to identify subgraphs

in test data similar to those in ID graphs, fundamentally rely on learnable graph augmentations. These
augmentations may inadvertently alter the semantic information of substructures or lead to informa-
tion loss, compromising the reliability of OOD detection. Speci cally, as shown in Figure 10(b))
random augmentations on gra@hcan introduce redundant information captured by the pretrained
model, making it more dif cult to extract the optimal and essential information.
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