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Abstract

In domains with interdependent data, such as graphs, quantifying the epistemic
uncertainty of a Graph Neural Network (GNN) is challenging as uncertainty can
arise at different structural scales. Existing techniques neglect this issue or only
distinguish between structure-aware and structure-agnostic uncertainty without
combining them into a single measure. We propose GEBM, an energy-based model
(EBM) that provides high-quality uncertainty estimates by aggregating energy at
different structural levels that naturally arise from graph diffusion. In contrast
to logit-based EBMs, we provably induce an integrable density in the data space
by regularizing the energy function. We introduce an evidential interpretation of
our EBM that significantly improves the predictive robustness of the GNN. Our
framework is a simple and effective post hoc method applicable to any pre-trained
GNN that is sensitive to various distribution shifts. It consistently achieves the best
separation of in-distribution and out-of-distribution data on 6 out of 7 anomaly
types while having the best average rank over shifts on all datasets.

1 Introduction

Quantifying and understanding uncertainty is crucial to developing safe and reliable machine learning
systems. Many applications such as Reinforcement Learning [42], Active Learning [} 31] or Out-
of-Distribution detection [60] benefit from disentangling different facets of uncertainty [54} |17, 146].
Typically, one distinguishes between an irreducible aleatoric component and reducible epistemic
factors [29]]. The former is inherent to the data, while the latter is rooted in a lack of knowledge. One
way to quantify epistemic uncertainty is to define a classifier-dependent density over the data domain
[55]]. High values indicate similarity to the training data and thus imply low epistemic uncertainty.
Energy-based models (EBMs) induce this density by defining an energy function that assumes low
values near the training data [38]]. A common choice is the logits of the classifier as their magnitude
is supposed to correlate with the model confidence [40]. However, many architectures have been
shown to produce arbitrarily overconfident predictions far from the training data [28]. The negative
implications for logit-based EBMs are only scarcely discussed in the literature [35}36].

While substantial effort has been directed toward uncertainty estimation for independent and identi-
cally distributed (i.i.d.) problems [, 24} 49| 37116, 22], graphs have only recently received attention
within the community [71} (64} 67, 21]. There, uncertainty can arise at different structural scales, e.g.,
from only a single node, clusters, or global properties. Previous work only accounts for this implicitly
by applying techniques from i.i.d. domains to Graph Neural Networks (GNNs) [67,49]]. A recent ap-
proach distinguishes only between structure-aware and structure-agnostic uncertainty [64]] while not
combining them into a single measure, which is often required in downstream applications [42, |54].
Consequently, estimates are often only sensitive to shifts that match their structural resolution. They
may overfit certain anomaly types and not be reliable in general.
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Figure 1: Overview of the Graph Energy-based Model (GEBM). Graph-agnostic energy (uncertainty)
of a trained GNN fy(G) is first regularized to mitigate overconfidence and then aggregated at a local,
cluster, and structure-independent scale by interleaving energy marginalization and graph diffusion.
While group energy marginalizes before diffusion, local energy is fine-grained and can pick up
conflicting evidence. GEBM assigns high uncertainty to several anomaly types simultaneously.

We address these shortcomings and propose a novel graph-based EBM (GEBM) that is structure-
aware at different levels. The core idea behind GEBM is to define energy functions at different
structural abstractions and facilitate the flexibility of the EBMs to aggregate them into a single,
theoretically grounded measure. Interestingly, we find that interleaving a graph diffusion process
with energy marginalization gives rise to energy functions that naturally capture patterns of different
granularity. As depicted in Figure[I] we utilize three energy types: (i) Group energy corresponds to
evidence smoothing and emphasizes anomalies clusters within the graph while not distinguishing
between their type locally. (ii) Local energy is more granular and sensitive to evidence disagreements
in the neighborhood of a node. (iii) Independent energy is fully structure-agnostic and describes
patterns that are limited to individual nodes. Aggregating them using soft maximum selection induces
a single energy measure that assigns high uncertainty to anomalies at various scales. A Gaussian
regularizer provably ensures that GEBM converges to low confidence far from the training data.

We evaluate GEBM over an extensive suite of datasets, distribution shifts, and baselines[ﬂ It consis-
tently exhibits state-of-the-art performance in detecting out-of-distribution (0.0.d.) instances, while
other approaches are only effective in a subset of settings. On all datasets, GEBM ranks the best
on average over all distribution shifts. Beyond o.0.d. detection, we discover a novel theoretical
connection between EBMs and evidential models. This interpretation of GEBM enables the GNN
backbone to provide accurate predictions even under severe distribution shifts.

In summary, we tackle three main deficiencies of energy-based uncertainty for graphs by:

1. Proposing GEBM, an EBM that is aware of interdependence and provides a single uncer-
tainty estimate incorporating different structural scales.

2. Formally showing that a Gaussian regularizer mitigates the overconfidence problem of
logit-based EBMs and enables GEBM to provably induce an integrable data density.

3. Showing how to interpret GEBM as an evidential approach which considerably improves
the predictive robustness of the classifier under distribution shifts.

2 Background

Semi-Supervised Node Classification. We consider (semi-supervised) node classification on an
attributed graph G = (A, X) with n nodes V and m edges & that is represented by an adjacency
matrix A = {0, 1}"*" and a node feature matrix X € R"*<. Each node has a label y; € {1,...C}.
Given the labels of training nodes, the task is to infer the labels of the remaining nodes. Lastly, we
focus on homophilic graphs, i.e. edges are predominantly present between nodes of the same class.

'We provide our code at cs.cit.tum.de/daml/gebm/
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Uncertainty in Machine Learning. Usually, uncertainty regarding the prediction of a model is
disentangled into aleatoric and epistemic factors u** and u?', respectively. The former encompasses
irreducible sources of uncertainty like measurement noise and inherent ambiguities. The latter is
commonly defined as the non-aleatoric components of the overall uncertainty and can in general, be
reduced, for example by acquiring additional data.

Energy-based Models. Epistemic uncertainty is commonly defined to be anti-correlated to a
classifier-dependent density pg () over the input space [53]. We study Energy-based Models (EBMs)
[38]] which define a joint energy Fy(x,y) over features and labels py(x,y) x exp (—FEy (x,y))).
Marginalization over the labels induces a feature density with normalizer Z.

po(@) = Zy 'Y exp (—Ey (2,y))) = Z; ' exp (—Eo()) M

Y

Intuitively, the energy Eg( ) = —log ), exp (—FEg(z,y)) can be interpreted as a soft minimum
of the joint energies. It is low in regions ‘of high confidence and high elsewhere. The measure of
epistemic uncertainty implied by an EBM therefore is: u®P!(x) = — log pg(x) = Ey(x) + const. We
can also write the conditional class probabilities as:

po(y | &) = exp (—Ep (w,9)))/>_ exp (~Ep (x,7/))) ©)

y/

This is exactly the softmax distribution applied to —FEy(x,y) which directly connects the logits
fo(x) € RY predicted by a classifier to the joint energy by defining Ey(z,y) := — fo(x),, [40].

Evidential Deep Learning. In contrast to first-order methods that directly predict p(y | ), evidential
methods [62,43] instead parameterize the corresponding second-order distribution from which first-
order distributions are sampled [32]]. In classification, this second-order distribution is a Dirichlet
distribution with parameters o« > 0 called evidence. They indicate the confidence of the classifier.
For inference, a first-order prediction can be obtained by taking the expectation:

Ep~pir(a) [P(¥ | 2)] —a/Zay 3)

3 Related Work

Uncertainty Estimation for i.i.d. Data. Disentangling uncertainty has been approached from
various perspectives. A family of sampling-based approaches uses a Bayesian Information-theoretic
framework [29]] that relies on stochastic predictions derived from a posterior over model weights.
The total uncertainty is defined on the mean predictor, epistemic uncertainty as the deviation of each
sample from that mean, and aleatoric uncertainty as the difference of both estimates [1]]. The posterior
can either be explicitly modeled by Bayesian Neural Networks (BNNs) [16, |13} [15, [18]], Monte-Carlo
Dropout (MCD) [22], or implicitly realized by ensemble methods [37,[77]]. Test-time augmentation
[72, [73]] and Stochastic Centering [66] also provide samples from this posterior. Sampling-free
approaches are deterministic and estimate uncertainty with a single forward pass. Evidential methods
[62,168] predict a second-order distribution from which epistemic uncertainty is derived. Distance-
based approaches quantify epistemic uncertainty as similarity to the training data [46} 48] 20, [65]
and are closely related to density-based uncertainty estimation. (Deep) Gaussian Processes (GPs)
[52, 145) 139]] use a kernel function to measure this similarity but do not disentangle epistemic and
aleatoric uncertainty. Posterior Networks combine evidential and density-based approaches by
predicting density-based updates to the evidence [[11}[10].

Uncertainty Estimation for Graphs. Many of these approaches transfer to graphs: DropEdge [59]
applies MCD to edges and GPs can utilize a structure-aware kernel [S3, 83} 41} 160]. SGCN [182]]
proposes an evidential student-teacher approach while G-AUQ [67] applies Stochastic Centering
to a GNN and improves on calibration. Graph Posterior Network (GPN) [34] diffuses the density-
based evidence of a Posterior Network but provides separate measures for structure-aware and
structure-agnostic uncertainty, each of which is only effective on some distribution shifts.

Energy-based Models. EBMs [38] 13} [2]] are typically employed in generative modelling [[14]] but
have also been applied to uncertainty estimation [16]] and anomaly detection [40, |81]]. To address
the overconfidence of logit-based EBMs far from training data, a Gaussian regularization term has
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recently been proposed [35] that we employ in our framework as well. While their work empirically
validates this adjustment, we formally prove the overconfidence of logit-based EBMs to happen with
high probability and Gaussian regularization to mitigate the issue. The HEAT framework [36] learns
multiple corrected EBMs via stochastic gradient Langevin dynamics [[76]] and composes them into a
single measure. In contrast, our approach does not require additional training and aggregates energy
that emerges naturally at different scales in the graph from a single logit-based joint energy model.
Lastly, GNNSafe [79] diffuses the logit-based energy of a GNN to improve its out-of-distribution
detection. In contrast, our model considers energy beyond the cluster scale.

4 Method

We develop a simple yet effective Graph-Energy-Based Model (GEBM) for post hoc epistemic
uncertainty that is sensitive to a variety of distribution shifts from any pre-trained GNN.

4.1 Energy at Different Scales

Previous work either does not distinguish between uncertainty at different structural resolutions at all
[79] or only disentangles structure-aware and structure-agnostic factors without combining them [64].
However, for many practical purposes, epistemic uncertainty must be quantified with a single measure
[42, 15, 160]. We address these issues by proposing an EBM-based uncertainty that incorporates
patterns on different natural abstractions of a graph. The density induced by GEBM, py(x), serves as
a singular uncertainty measure that is sensitive to multiple distribution shifts simultaneously.

Inspired by the success of graph diffusion [9, 23], we propose energy on different structural levels:
(i) Graph-agnostic, for node features in isolation. (ii) Based on the evidence in the local neighborhood
of a node. (iii) Within clusters in the graph. Note that defining global energy on the whole graph
induces no differences at the node level and therefore we do not consider it in this work. We point to
appropriate measures for a potential extension of GEBM in the existing literature [84]].

We make the intriguing observation that interleaving a diffusion process P4 : R*¥ — RF with
the marginalization of structure-agnostic joint energy Ey(x,y) as in Equation @) induces energy
functions that describe the aforementioned natural abstraction levels. Based on this insight, we can
derive definitions for three types of energy functions:

Independent Energy. On the finest scale, we consider energy independent of structural effects by
omitting the diffusion operator. This term captures uncertainty regarding node features in isolation.

Egr(z) = —log»_exp (—Ey(,y)) 4)

Local Energy. On a coarser scale, we diffuse the joint energy before marginalization. This retains
local information like conflicting feature-based evidence within the neighborhood of a node as the
class-specific information is marginalized after propagation:

Ep (@) = —log ) exp[Pa (—FEy(x,y))] ©)

Group Energy. By interchanging marginalization and diffusion, we effectively smooth the marginal
evidence Fy(x). Therefore, energy gets propagated predominantly within clusters of the graph.

Eg(w) = —Pa |log Y exp (—Ey(w,y)) (6)
Yy

Since marginalization is done before propagation, less local information is preserved: The energy
of a node will increase when its cluster is anomalous, regardless of whether the type of anomaly
matches its own. As can be seen exemplary in Figure[T} this loss of local information comes at the
benefit of being less exposed to local variability within coarser clustered patterns.

Each energy type captures anomalies that affect the corresponding structural scale. We provide
synthetic experiments in Appendix as an additional intuitive explanation for the aforementioned
energy terms. In practice, GEBM enables practitioners to augment our framework with further,
potentially task-specific, energy functions. We empirically find however that the combination of the
three naturally arising energy terms already detects a broad range of distribution shifts.
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4.2 Regularizing Logit-based EBMs

Following Equation , EBM:s imply a density over the data domain py(x) with normalization
constant:

Zg:/XZexp(—Eg(:c,y))dm @)

When quantifying epistemic uncertainty with this density, the energy must be low in regions of the
input feature space close to the training data, while high values should be assumed far away. To
that end, py () must be integrable, that is, have a finite normalizer Zy. However, previous work has
shown that piecewise affine classifiers which are the backbone of modern GNNs will converge to
overconfident logits far from training data [28]]. We remark that previous studies found GNNs to be
underconfident on in-distribution data [[74, [75]] while the aforementioned issue of overconfidence
arises from high distance to training data induced by a distribution shift (see Appendix [C.8). This
overconfidence is problematic, as logit-based energy can suffer from the same issue and Fy(x)
may assume arbitrarily small values far from the training data. This contradicts the aforementioned
desideratum of low confidence and the implied uncertainty measure breaks under severe distribution
shifts. The normalizer of the logit-based joint energy Zy is not finite with a high probability and
therefore the EBM can not induce an integrable density pg(x).

Proposition 4.1. Let fy : R* — R be a piecewise a{ﬁne function and R = UlL Q) be the disjoint
set of polytopes on which fy is affine, i.e. fo(x) = Wz 4+ bW for & € Q. Assuming the direction
of the rows of each WU to be uniformly distributed, the probability that Zy converges decreases
exponentially in the number of non-closed linear regions L' and classes C.

Pr[Zy < oo] = (1/2)°F

We provide proofs for all claims in Appendix [A] Intuitively, since fp behaves like an affine function in
the limit ||x||2 — oo, its predicted logits may diverge toward oo. If for any class the model produces
overconfident predictions in one of its affine regions, the marginal energy Fy(x) will diverge toward
maximal confidence. As classifiers are trained to output high values for one of the classes, we expect
the actual probability of a well-behaved energy function to be even lower than our theoretical bound
that assumes uniform weight directions. In practice, this pathological behavior of logit-based EBMs
has been observed in previous work [64,136,135]]. We mitigate this issue by augmenting the logit-based
energy and we prove that this regularization induces an integrable density.

4.3 Our Model

Similarly to recent work on EBMs [35], we employ a class-conditional Gaussian prior
N (fo(x), | py,X,) as a regularizer for the logit-based energy. We learn the parameters
{1y, Ey}yzl as the maximum likelihood estimates from the training instances of each class.

Ee(x7y) = Ey(x,y) — VIOgN(.fG(m)y | My, Ey) )

The regularization strength v > 0 and the choice of the diffusion operator P4 are the only hyperpa-
rameters of GEBM. Each of them has an intuitive interpretation:  controls the trade-off between the
predictive dependency and distance-awareness of the EBM while P4 encapsulates how information
is propagated over G. Regularization ensures that the corresponding marginal density pg () has a
finite normalizer Zy and is therefore integrable.

Theorem 4.2. For a piecewise affine classifier fg as in Proposition Do is well-defined.

Zy = /X S exp(—Eo(@, 1)) N (fo @), | y, By)dw < o0

Y

This regularized joint energy diverges toward maximal uncertainty in the limit. Consequently, its
induced density provides an uncertainty estimator that is reliable even far away from the training data.

Corollary 4.3. For a piecewise affine classifier fg as in Proposition and any © € R? almost

surely:
lim pg(ax) =0

a— 00
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We then combine the regularized energy Eg(:v, y) at different structural scales (Equations (4) to @).

E@GEBM(:B) = log [exp (E@J(Q’J)) + exp (EQ,L(:B)) + exp (Egg(w))} 9)

Since energy is defined per node, most diffusion processes (Appendix [C.6) act on individual nodes as
an affine function with a positive coefficient (see Appendix[A.2)). Therefore, each individual energy
and their aggregate, Fy gepm, induce an integrable density when using a linear diffusion operator Py4.

Theorem 4.4. For a linear diffusion operator Pa(x) = ax + const, a« > 0 and the regularized
energy Eg(x,y), GEBM induces an integrable density:

/X exp <_E0,GEBM (90)) dx < 00

GEBM is lightweight and can be applied post hoc to any logit-based GNN without additional
training. Its induced density is a proxy for epistemic uncertainty: u*"(x) = —log pp(x) and we
compute aleatoric uncertainty as the entropy of the predictive distribution of the GNN [29]. Following
[79], we realize the diffusion operator as a repeated application of a label-propagation scheme (see
Appendix [C.6). Intuitively, this operator is a smoothing process which is only appropriate when
assuming the in-distribution data to be homophilic. In the case of non-smooth (heterophilic) training
data, the proposed energy would be high for in-distribution data which is undesired behaviour for
an EBM-based uncertainty estimator. To disentangle effects at different structural scales, we define
each of GEBM’s components on structure-agnostic regularized joint energies g (, y). To that end,
we compute the outputs of the classifier by omitting the structure for the computation of Ey only by
evaluating fp(I, X), i.e. setting A = I. These outputs depend only on the node features.

4.4 EBMs as Evidential Models

Beyond using epistemic uncertainty to detect anomalies, we also show how the joint density induced
by GEBM enables predictions that are robust against distribution shifts. First, we discover a cor-
respondence between first-order predictions of logit-based classifiers (Equation (2)) and evidential
predictions (Equation ). This connects the joint energy Ey(x,y) of an EBM to the evidence a:

a ~exp (—Ey(x,y)) < pg(x,y) (10)

For an integrable density pg(x, y), the evidence a will vanish in the limit far away from training
data. Previous work on Posterior Networks [11}[10] fits a normalizing flow to obtain class-conditional
densities pp(z | y) and uses them to compute a Bayesian update to a prior evidence aP™r. Its
extension to graphs, GPN [64], diffuses these structure-agnostic updates with an operator Pj4.
Similarly, our GEBM framework induces a normalized joint density py(x, y) through its regularized
energy function at no additional cost. Therefore, it can also be interpreted as an evidential classifier
that enables inference according to Equation (3)).

GPN [64] (Evidential) GEBM (ours)

aPost — Prior 1+ Pa (N *pe(a:,y)) aPost — gPrior + Pa (20—1 % exp(—Eg(ac,y))

Here, N is called an uncertainty budget and it roughly corresponds to the normalizer of the joint
energy. This interpretation of EBMs recovers desirable properties of density-based evidential methods
[111164]): Predictions will converge toward a prior ™" far from the training distribution. They will
be less affected by anomalies in the neighborhood of a node and therefore be more robust against
distribution shifts. We remark that while our framework enables this evidential inference scheme, it
is also possible to instead use the backbone classifier as-is and preserve its predictive performance.

S Experiments

We evaluate the efficacy of GEBM by extending the evaluation proposed in [64] and expose it to a
suite of 7 distribution shifts from three families that cover a broad range of anomaly types.
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5.1 Setup

Datasets and Distribution Shifts. We use seven common benchmark datasets for node classification:
The five citation datasets CoraML[4], CoraML-LLM|[4, 78| [4], Citeseer |61, 25|, PubMed [51],
Coauthor-Physics and Coauthor-Computers [63l], and the co-purchase graphs Amazon Photos and
Amazon Computers [44]. We expose all methods to three families of distribution shifts:

(i) Structural. We select nodes with the lowest homophily as 0.0.d. and train on homophilic nodes
only. This induces a shift in the local connectivity pattern of the nodes. Furthermore, we include
a setting in which nodes with low Page-Rank (PR) centrality [56] are considered o.0.d.

(i) Leave-out-Class. We withhold nodes belonging to a subset of classes during training and
reintroduce them during inference. In practice, this might, for example, correspond to a new
type of user joining a social network. We either select the held-out classes randomly or pick
those with the lowest average homophily to make them more dissimilar to the retained classes.

(iii) Feature Perturbations. We randomly choose a subset of nodes and perturb their features by
replacing them with noise. Since most datasets have categorical bag-of-words features, we have
fine-grained control over the severity of the shift in this setting. We generate near-o.0.d. data
by sampling from a Bernoulli distribution p fitted on the node features of the dataset X. A
stronger shift is induced by fixing the success probability at a value of p = 0.5. Drawing node
features from N (0, 1) constitutes a domain shift (far-o.0.d.) for categorical data.

Existing work concerns transductive node classification which enables leakage of 0.0.d. information
during training [64} [79]. Instead, we study the inductive setting and remove 0.0.d. nodes and their
edges during training, and provide results for the transductive setting in Appendix [C} All results were
averaged over 5 splits and 5 initializations each (for standard deviations, see Appendix [C).

Model and Baselines. We compare GEBM to different baselines for (epistemic) uncertainty es-
timation: Ensembles (GCN-Ens), MC-dropout (GCN-MCD), DropEdge (GCN-DropEdge), a
combination of MC-dropout and DropEdge (GCN-MCD+DropEdge) and a Bayesian GCN (BGCN)
are sampling-based approaches. We also compare against the logit-based EBM (GCN-Energy),
GNNSafe, and HEAT as EBM baselines. Lastly, we consider GPN and SGCN as evidential methods.
For all models, including GEBM, we use the same backbone architecture (see Appendix [B.2).

Metrics. We evaluate epistemic uncertainty by detecting distribution shifts. That is, we report the
AUC-ROC and AUC-PR metrics for the binary out-of-distribution detection problem of separating
in-distribution (i.d.) from out-of-distribution (0.0.d.) nodes. Additionally, we report how well
uncertainty correlates with erroneous (misclassification detection) in Appendix [C.3] Since our
proposed method does not alter the softmax predictions of the backbone model, it will affect neither
the aleatoric estimates nor their calibration. Consequently, our framework is open to additional post
hoc calibration methods such as temperature scaling [26]. For completeness, we report the Expected
Calibration Error (ECE) [50] and the Brier score [7] in Appendix for the GNN backbone.

5.2 Results

Out-of-Distribution Detection. Table[I|shows the performance of different aleatoric and epistemic
uncertainty methods on various distribution shifts (full results in Table[6). Across all datasets and
distribution shifts, our model provides the best or second-best separation of 0.0.d. data from i.d.
data. In practice, an estimator that is effective on all distribution shifts simultaneously is desirable.
Therefore, we rank () all estimators individually for each shift and dataset and report its average
rank over all distribution shifts for each dataset. To not favor one distribution shift family, we
adjust the weight such that Leave-out-Class, structural shifts, and feature perturbations contribute the
same amount. We rank all epistemic uncertainty proxies both against other epistemic measures and
aleatoric uncertainty separately. In both cases, Tables [2]and [7|show that our proposed EBM-based
epistemic uncertainty is the only estimator that is effective under different distribution shifts at the
same time. On all datasets, GEBM improves the AUC-ROC scores by 5.8 to 10.9 percentage points
on average (16%-32% relative improvement) over a vanilla EBM, the second best-ranked estimator
(Appendix [C.2). Since all EBM-based approaches (GCN-EBM, GCNSafe, GEBM) are post hoc
methods, they share the aleatoric uncertainty and high predictive accuracy of the backbone.

Out of all 7 distribution shifts, our framework is only less sensitive to the centrality shift. Many
baselines only perform well because of their symmetric diffusion operator that biases any arbitrary
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LoC (last) Ber(0.5) N(0,1) (far) Homophily
Model AUC-ROC?T  Acc.t | AUC-ROCT Acc.t | AUC-ROCT Acc.t | AUC-ROCT  Acc.t
(Alea. / Epi.) (Alea. / Epi.) (Alea. / Epi.) (Alea. / Epi.)
GCN-DE 86.2/73.0 87.2 47.1/ 71.9 26.8/57.8 71.9 70.8/54.5 85.6
GCN-Ens 89.8/73.9 90.4 59.4/64.1 75.9 30.4/52.7 75.9 71.5/68.5 91.5
E GPN 85.3/88.1 88.5 53.4/52.4 72.8 51.4/55.5 72.8 66.9/51.5 87.6
< GCN-EBM 89.7/ 90.3 59.9/58.6 75.8 31.7/25.7 75.8 71.3/71.2 91.2
8 GCN-HEAT 89.7/87.1 90.3 59.9/64.4 75.8 31.7/ 75.8 71.3/70.0 91.2
GCNSafe 89.7/91.6 90.3 59.9/53.4 75.8 31.7/35.3 75.8 71.3/ 91.2
GCN-GEBM 89.7/91.6 90.3 59.9/94.5 75.8 31.7/86.4 75.8 71.3/76.7 012
o GCN-DE 76.4/61.2 91.7 52.8/51.4 88.5 41.8/51.5 88.5 62.7/52.0 96.6
£ GCN-Ens 74.7/80.3 91.9 52.3/51.3 89.9 42.6/55.0 89.9 62.0/65.2 97.5
& GPN 74.5/87.3 88.8 /54.9 86.5 54.2/55.5 86.5 /47.0 97.1
£ GCN-EBM 74.6/75.2 91.8 52.1/52.1 89.8 44.2/42.6 89.8 61.9/60.0 97.4
Y GCN-HEAT 74.6/77.3 91.8 52.1/51.8 89.8 44.2/ 89.8 61.9/62.6 97.4
g GCNSafe 74.6/75.6 91.8 52.1/50.9 89.8 44.2/46.4 89.8 61.9/60.5 97.4
GCN-GEBM 74.6/ 91.8 52.1/64.2 89.8 44.2/92.4 89.8 61.9/68.3 97.4
GCN-DE 89.2/73.7 91.3 64.3/67.9 88.8 33.7/60.3 88.8 62.9/55.7 97.1
8 GCN-Ens 89.7/87.3 92.4 69.6/67.8 90.0 32.8/60.7 90.0 63.9/ 97.9
+« GPN 73.7/88.3 86.6 54.1/59.7 81.7 53.6/59.9 81.7 61.3/45.5 97.9
g GCN-EBM 89.7/89.9 92.3 69.3/ 89.8 34.7/28.8 89.8 63.8/60.5 97.8
Z GCN-HEAT 89.7/88.6 92.3 69.3/70.0 89.8 34.7/ 89.8 63.8/66.6 97.8
8 GCNSafe 89.7/ 92.3 69.3/63.0 89.8 34.7/36.9 89.8 63.8/62.4 97.8
GCN-GEBM 89.7/92.8 92.3 69.3/99.5 89.8 34.7/90.0 89.8 63.8/69.5 97.8

Table 1: Out-of-Distribution detection AUC-ROC (1) using aleatoric or epistemic uncertainty (best

and

shifts while maintaining the classification accuracy of the GCN backbone.

). Our epistemic measure achieves the strongest performance on most datasets and

CoraML . Amazon Amazon  Coauthor Coauthor
Model CoraML LLM Citeseer PubMed Computers Photo CS Physics
GCN-DE 6.3/14.2 8.0/16.9 7.8/16.2 7.3/13.6 7.2/15.9 7.1/15.8 6.5/13.2 8.1/16.8
GCN-Ens 7.8/16.1 6.3/15.0 6.4/12.9 6.2/12.4  5.7/11.6 4.7/ 4.8/10.4 6.2/13.3
GPN 7.0/15.2 5.4/11.2 6.6/12.9 5.8/12.4 5.7/11.8 5.3/11.7 7.2/13.9 6.1/14.5
GCN-EBM 4.5/ /8.2  5.2/10.3 /12.0  4.2/10.7  4.9/10.9 / /
GCN-HEAT /10.4  5.4/12.9 / 5.6/12.8 / /10.2  4.2/8.3 4.7/10.4
GCNSafe 5.3/9.1 4.4/ 5.2/9.5 5.4/ 5.9/13.2 6.4/12.9 5.5/10.7 5.8/11.7
GCN-GEBM | 2.7/45 29/49 33/57 38/7.4 25/4.2 27/45 27/43 3.0/5.0

Table 2: Average 0.0.d. detection rank ({) of epistemic uncertainty versus other epistemic measures /
all uncertainty measures over all distribution shifts (best and ). GEBM has the best average
performance rank over all distribution shifts and epistemic (and aleatoric) uncertainty estimators.

signal toward high-degree nodes regardless of the quality of the uncertainty (see Appendix [C.6).
While this bias could be explicitly incorporated into GEBM by defining an additional energy term,
the goal of our work is not to engineer our measure toward certain downstream settings. GEBM is
already sensitive to many distribution shifts as-is. Even after accounting for this setting, our estimator
achieves the best average rank over all shifts. We defer further discussion to Appendix

Misclassification Detection. In alignment with previous work [[64]], we observe aleatoric uncertainty
to be more effective for misclassification detection than epistemic estimates. Our method performs
competitively among other epistemic measures as shown in Table As previously discussed,
improving aleatoric uncertainty for GNNS is beyond the scope of this work.

Robust Evidential Inference. As described in Section[£.4] GEBM enables evidential inference. We
expose our model to feature shifts sampled from A'(0, 1) and increase the fraction of perturbed nodes.
Figure [2] shows the predictive performance of the classifier induced by an evidential interpretation of
the EBM at different regularization weights v compared to a vanilla EBM and the evidential model,
GPN. We maintain high accuracy like an evidential model, while the performance of the baselines
rapidly deteriorates. The hyperparameter + can be seen as interpolating between an unregularized
overconfident logit-based EBM and an uncertainty-aware evidential method. While GPN requires
explicit evidential training, our method enables robust inference at negligible additional cost from
a pre-trained GNN. Furthermore, GPN notably sacrifices predictive capability on clean data, while
GEBM enables more control over the trade-off between accuracy on clean and perturbed data.
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Figure 2: Accuracy of evidential inference at Figure 3: Logit-based, Gaussian, and regularized
different regularization yv. GEBM performs on- energy at different magnitudes. Logit-EBMs be-
par with evidential methods at increasingly se- come overconfident while the corrected energy is
vere perturbations. eventually dominated by its regularizer.

The advantage of this evidential perspective is that the evidence approaches zero under increasingly
severe distribution shifts. Therefore, a fixed number of diffusion steps suffices to effectively counteract
the influence of anomalous neighbors when making predictions for a node. In contrast, using diffusion
at, for example, the predictive level is inadequate: As shown in Propositiond.T] the energy is likely
to diverge and, therefore, the number of diffusion steps necessary to mitigate arbitrarily severe
distribution shifts is unbounded. Consequentially, we find that even compared to models like APPNP
that heavily rely on graph diffusion at the predictive level, the evidential interpretation of GEBM
notably improves robustness (see Figure[6).

5.3 Ablations.

Energy at Different Scales. In Table 3] we compare Model | LoC | N'(0,1) | Homo. | Rank()
GEBM to energy at specific structural scales and a vari- EBM S5 217 o i
ant without regularization (y = 0). Each of the former  [pgep, 799 | 997 63.9 3.7
corresponds to one of the energies that the GEBM frame-  Local 86.9 | 62.1 79.8 4.3
work is composed of. Group energy is equivalent to a 82)1;11[\)/1 . 917 61248 ‘73515-519 3.3
regularized logit-based EBM which is therefore also  Gegm | 897 ) ‘ 2.6
ablated implicitly. As expected, each component is sen- Taple 3: 0O.0.d.-detection AUC-ROC(T)
sitive to different shifts. This confirms that interleaving using different EBMs (best, ).

marginalization and diffusion captures patterns at dif- GEBM combines the benefits of energy at

ferent resolutions. As shown in Table 26| a variant of  jifferent scales and ranks best over splits.
the aggregate GEBM achieves the best rank on 7 of 8

datasets. This shows that scale-awareness is the key ingredient for effective uncertainty estimation
on graphs which can be further improved with energy regularization. In far-o.o.d. settings, this
regularization is crucial to obtain reliable estimates as it mitigates overconfidence issues.

Energy Regularization. We also ablate the effect of reg- Model | LoC | Ber(p) | N(0, 1) | Homo.
ularizing the joint logit-based energy in Figure 3] At in- EBM 1899 | 671 | 264 | 712
creasing distance from the training data, logit-based energy G safe | 916 | 569 ‘ 36.1 ‘ 73.1

© GEBM | 916 771 866 1767

becomes overconfident. In contrast, the regularized Fjy

follows the logit-based energy near the training dataand ¢ EBM | %02 ‘ e ‘ 1 ‘ 721
. . . . . - DI a9. .
is dominated by the regularizer far away. This is reflected <&  Gesm [ 850 693 765 = 72.6
in the clear separation between perturbed and unperturbed , EBM | 765 ‘ 523 ‘ 2.8 ‘ 53.2
nodes. When computing structure-aware energy, feature & Safe | 790 [ 493 | 462 | 51.2
corruptions affect unperturbed nodes through the diffusion K G N R GE
: : : : ‘e ineti. = EBM [ 740 | 527 | 422 | 532
operation, making a clean separation difficult. This justi € s | 73| 92 | 165 5
fies our choice to compute structure-agnostic joint energy &% GEBM | 773 51.6 547 627

Eg(a: vy) and factor in the graph afterward by applying Pa. Table 4: O.0.d. detection AUC-ROC(T)
using different backbones. Our method

Backbone Architecture. Our method can be applied post . . .
is effective on all architectures.

hoc to any logit-based GNN. Table 4] evaluates the 0.0.d.-
detection performance of our EBM framework using differ-
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ent commonly used GNN backbones: GCN [34], GAT (v2) [[70, 8], GIN [80] and GraphSAGE [27].
Standard deviations and AUC-PR are reported in Appendix [C.3] Over different distribution shifts, our
proposed approach consistently outperforms the logit-based EBM and the graph-specific GNNSafe
variation. This shows the broad applicability of our framework that enables reliable high-quality
epistemic uncertainty estimation from a large family of logit-based GNNS.

6 Limitations and Broader Impact

Limitations. As GEBM is a post hoc epistemic estimator, it does not improve aleatoric uncertainty
or its calibration. In particular, the GCN backbone used in this work does not consistently achieve
the strongest performance in both tasks. While the structural scales that arise naturally from graph
diffusion cover many distribution shifts as-is, specific applications may require augmenting GEBM
with additional energy terms, as we also observe for centrality-based shifts. While GEBM enables
robust evidential inference, future work may build upon its paradigm of aggregating different structural
scales in the graph for fully evidential methods. Lastly, we study homophilic node classification
problems and leave an extension of GEBM beyond this setting to future work.

Broader Impact. GEBM enables cheap and simple uncertainty quantification for GNNs which we
believe to contribute to the development of more reliable Al. Nonetheless, we encourage practitioners
to actively reevaluate our measure of uncertainty to mitigate risks in safety-critical domains.

7 Conclusion

We propose GEBM, a simple and efficient EBM for post-hoc epistemic uncertainty estimation for
GNN:ss. To the best of our knowledge, we are the first to consider uncertainty at different structural
scales and address this gap by proposing a model that aggregates energy that naturally arises from
graph diffusion. It consistently outperforms existing approaches over an extensive suite of datasets at
detecting various distribution shifts. We formally and empirically confirm that logit-based EBMs
suffer from overconfidence and prove that the regularized GEBM mitigates this issue by inducing
an integrable data density. We exploit this property by discovering a link to evidential methods that
enables the backbone to provide accurate predictions even under severe distribution shifts.
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A Proofs

A.1 EBMs for i.i.d. Data

We first consider proofs for formal statements regarding logit-based EBMs in general (i.e. for i.i.d.
data).

Proposition 4.1. Let fy : R* — R be a piecewise affine function and R" = UZL Q be the disjoint
set of polytopes on which fq is affine, i.e. fo(x) = Wz 4+ bW for x € Q. Assuming the direction
of the rows of each W to be uniformly distributed, the probability that Zy converges decreases
exponentially in the number of non-closed linear regions L' and classes C.

Pr([Zy < oo] &~ (1/2)¢

Proof. Consider an arbitrary direction & € R? such that ||z|| = 1. As shown in [28] (Lemma 3.1),
there exists some ¢ and ag such that for all & > o it holds that ax € Q. We have fy(ax) =
W Waz + b®, and therefore:

—Eyp(ax,y) = Wy(l)aa: + bél)
We now distinguish between two cases as o — 00:

If m}l)w > 0, we have:

lim aWy(l)a: =00

a—r00
lim oWV + b = oo
a—00
lim Ey(ax,y) = —o0
a—r 00

And conversely if Wy(l)ac < 0, we have:

lim FEy(ax,y) = oo

a—00

Since we assumed the direction of Wy(l) to be uniformly distributed, both cases occur with probability

0.5. Now we consider the marginal energy assigned to a:x:

Ey(ax) = —1ogzexp (—Ep(az,y))
< amyin{fEe(%y)}

We now analyze when the marginal energy Ey(c«x) diverges toward oo and —oo respectively. If for
any y € {1,...,C} we have that Wy(l):c < 0, then:

lim Fy(ax) < lim amin{Fy(x,y)}

a—00 a—00 Yy

= —00

Since each VVy(l):r, > 0 with probability 1/2, the limit diverges toward —oo, with probability at most
(1/2).

Now consider some open set Q" with a non-zero measure for over which the classifier fy is linear.
With probability at least 1/2, for « € QW, fo diverges toward oo.
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We now can consider the integral over the unnormalized density implied by fj:

7o = / exp(—Fy())dz

]Rd
=Y [ | expl-Ea(a))de
T~ Jow

For any open region Q") the energy will diverge toward —oo with probability (1/2)¢ and therefore:

/ exp(—Ey(x))dx = 0o
QW

For Zy to be finite and well-defined, the integral over all L’ open linear regions with non-zero
measures need to converge simultaneously, each of which happens independently with probability
(1/2)¢. Therefore:

Pr(Zy < oo] = (1/2)¢
O

Remark. Note that the assumption that the rows of each W) have a uniformly distributed direction
is given when initializing the model from a normal distribution. When training a classifier with the
commonly used cross-entropy objective, the training incentivizes the model to assign high logits
to exactly one of the classes for each datapoint. Therefore, the model is intuitively encouraged to
have at least one row of W) for which the x that are in the corresponding region Q") have positive

projection Wy(l)m > 0. In practice, we expect that for a trained model the probability of any x to
have a negative projection onto all rows of the corresponding W) to be lower than (1/2)€.

Theorem 4.2. For a piecewise affine classifier fo as in Proposition .1 py is well-defined.

Zo= [ X expl=Eo(e.n) Mfule) | 1, 3,)de < o

Y

Proof. We consider the corrected joint energy Ey (ax, y) for some sufficiently large o > o and an
arbitrary direction € R%.

Ep(az,y) = Eg(az,y) — ylog N (folaz)y | py, By)
= —folaz), + %(fg(aw)y — uy)TEJI(fe(aw)y — py) + const

v _
= fW;l)aa: - bg) + §(Wy(l)am + b?(j) - uy)TZy 1(Wy(l)om: + bz(;l) — py) + const

For large enough «, the terms quadratic in ax will dominate linear terms and we can write for some
c>0:

Eg(a,y) > c* (Wy(l)aa:)TZ?jl(ngl)am)
_ 2 ), \Ts—1 1
= (VW z) 5, (Vew D)
> wTE*_l:B
Here, we pick X, such that the equation holds for all y € {1,...,C'). Note that this means that in the

limit, each joint energy term is bounded by the logarithm of the same Gaussian log N'(0, X..). For
the marginal energy it holds:
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Ey(azx) = —logZeXp (—Eg(aw,y))
y
> flogZexp (fa:cTﬁglam)
Y

=ax'2 ax —logC
> az”Y oz

Here, we absorb the constant log C' into the quadratic term. Similar to the proof of Proposition
we now analyze the integral of the implied density for each linear region of the classifier Q).

/Q(l) exp (fEA’g(:c)> dx = / on P (fEAg(:c)> dz +/ o &P (fEA'g(a:)) dx

lzll2<evo llzll2>c0

The first term is an integral of a finite function over a finite region, which therefore will also be finite:

a<ap

- / ow  OXP (—Eg(w)) dxr < oo

llell2<ao

For the second term, we notice that it is bounded by the (finite) Gaussian integral:

. .
Itgciao ::/ QW exp (—EQ(:B)) de
llll2>a0
< ow XD <fa:TE’;1a:) dx
lle]l2>ao0

< 0

Lastly, since we can decompose R into a finite set of linear regions over each of which the integral
is finite, the entire integral is finite.

O

Theorem A.1.1. For a piecewise affine classifier fg as in Proposition and a piecewise affine
feature extractor go(x), pp is integrable.

Zy = /X S exp(—Eo (@, 1)) Ngo(@) | 1, 5,)da < o

Proof. Note that both affine functions fy and gy partition the input space R? into a finite set of linear
regions. Intersecting their boundaries again gives rise to a finite set of linear regions. For bounded
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regions, the integral over the induced density will be finite, so we discuss the unbounded regions here.
For any such region Q\), we have fj(x) = wix + by and go(x) = W,z + by.

We now partition the R¢ N Q) into four regions using the kernel spaces of w r and W, respectively,
ie. RINQY =054,U07_,U0,_ ;WU Iy, , where we define 07, := ker(w;) Nker(W,) N QW,
0/, = ker(wy) \ ker(W,) N QWY, 0,_; := ker(W,) \ ker(w;) N Q" and I, := im(w;) N
im(W,) N QW.

We can now decompose the integral over Q) into integrals over all four regions. Note that of these

sets, only Iy, has a non-zero measure (if the affine classifier is not the null function). Therefore, we
only have to focus on this domain. For some o and & € I4, ||x||2 > o, we have:

po(x) oc exp (—Eg(z,y)) N'(go () | 1y, 2y)
X exp (w?m +by) exp (—(Wyx + bg)TE;I(Wg:c +by))
< exp (—:BTE;;:E)

For some 3} that bounds the quadratic function in the exponential for |||z > ao. The integral
over the region Q) now reduces to:

10— [ S constsexp (~Eae, ) Maa(@) | 1y, B, )do

1
c® "

:const+/ oW Zconst*exp(—Eg(:r:,y))N(ge(w) | py, By)de
lzll2>c0 Y

Tw-1
gconst+/ o Zconst*exp (—x ¥, ) dx

lzll2>c0 Y

< const + const * exp (—wTﬁ);la:) dx

Q(l)
lzll2>c0

< o0

Here, we pick X, to bound the quadratic terms of all X, .. As previously mentioned, the kernel
spaces of wy and W, have zero measure and therefore do not contribute to the integral. As previously,

the integral over the entire domain R? decomposes into finite integrals over all Q).

L
/ Zconst xexp (—Eg(x,y)) N(go(z) | py, Xy)dx = const + Z 14
R
y

=1

< 0

O

Corollary 4.3. For a piecewise affine classifier fy as in Proposition and any © € R? almost
surely:

lim py(az) =0

a—00

Proof. As per the proof of Theorem for sufficiently large o we have for some X, !:

Eylax) > zTE
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From there, it follows directly that:

lim pg(az) = lim exp(—Eg(aw))

= exp (ali_{r;o —Ey (am))
< exp ( lim fa:TE;la:>

a—r 00

=0

A.2 Graph-based Energies at Different Scales

Here, we show that local energy (Equation (5)) and group energy (Equation (6)) induce a valid
probability density when using a linear diffusion operator P4 and regularized energy according
to Equation (8). Note that independent energy (Equation (@) is shown to induce a well-defined
probability density as it is just a graph-independent regularized energy.

Proposition A.2.1. For a linear diffusion operator Pa(x) = ax + const, a > 0 and the regularized
energy Eg(x,y), the local energy Er(x) induces a well-defined density:

/ exp(—Ep 1 (x))dx < oo
X

Proof.

E97L(sc) = — logz exp (PA <—E9(w, y)))

Y

= —log Z exp (—aEg(:n, y) + const)
y

> —log Z exp (fozmTEfla: + const)
y

= az? X 1z + const + log C
> 2Ty e

Again, we absorbed the constant terms as well as « into the quadratic term for large enough ||z ||2
and used the quadratic bound from Theorem[.2] From here, it is straightforward that:

/ exp <_E0’L(ZB)) dx < const +/ exp (—:BTEI*_1£E> dxr < oo
X X
O

Proposition A.2.2. For a linear diffustion operator Pa(x) = ax + const, « > 0 and the regularized
energy Eg(x,y), the group energy E(x) induces a well-defined density:

/ exp(—FEp.o(x))de < oo
X

Proof.
ng;(ac) = PA (E@(QL’))
= aBy(x) + const
> awTﬂ*_lw + const

—1
>al'yY Tz
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Again, we have used the quadratic bound of Theorem [4.2]and absorbed o > 0 for large enough ||z||».
From there, it follows:

/ exp (—Eg,g(a:)) dx < const —|—/ exp (—wTE’:lw) dz < o0
X X
O

Remark. We want to point out that most diffusion operations, especially the ones discussed in
Appendix [C.6|including the label-propagation smoothing used in our experiments, are of the form
Pa(x) = ax + const with & > 0. Since we only integrate over the features of a single node and
keep all other features fixed, all of these diffusion processes can be expressed as a weighted sum
over nodes in the graph. Since we consider unweighted graphs, there are no negative edge weights
which ensures that o > 0 (as long as some sort of self-loop is included). Therefore, linear diffusion
processes can be seen as positive affine transformations.

Theorem 4.4. For a linear diffusion operator Pa(x) = ax + const, « > 0 and the regularized
energy Eg(x,y), GEBM induces a well-defined density:

/X exp <7EA97GEBM (w)) dx < 0o

Proof. We previously established quadratic bounds on all three constituents of the aggregate energy
for large enough ||x||2:

E‘gJ(m) > azTﬁll_lm
Egp(x) > 'S e
EQ,G($) > mTEE;lac

Hence, there must be one X! ¢ {El_l, 2;1, Eal} that bounds all three energy types. We now
look at the GEBM model:

Ey cesm(x) = log (exp (E@I(m)) + exp (EQ,L(w)) + exp (Egg(:c)))
> log (3 * eXp (a:TE**la:))
=2'3 'z +log3
S Y

As before, this bounds the density induced by GEBM:

/ exp (—EA‘Q’GEBM (w)) dx < const —|—/ exp (—wTE:lx) dx < 0o
X

X

O

Remark. This directly imposes a restriction on which energies can be included in GEBM beyond the
three naturally arising graph-specific terms we propose: As long as the energy term can be bounded
by an energy that grows fast enough to ensure convergence, our framework accommodates it.

We also can explicitly write out the (unnormalized) GEBM density pg ggpm() in terms of its
constituents pg (), pg,r(x) and py ¢ (x).

1
po,1(x)~ + po,r(x)~! + po,c(x)~!

pe,GEBM(w) 08
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B Experimental Setup

B.1 Datasets and Distribution Shifts

Dataset ‘ #Nodes n | #Edges i | #Features d ‘ #Classes ¢ A?)‘;gn Sﬂeya(tl';br; Homophily (%) E;ing/enlz)e(l;jl)ty ‘ LCelf:S‘;z;' #i\t)‘:ice)s;;i'dd'
CoraML 2995 16316 2879 7 1.75 78.9 0.18 3 1650
CoraML LLM 2995 16316 384 7 n.a. 78.9 0.18 3 1650
Citeseer 4230 10674 602 6 0.76 94.9 0.06 2 2977
PubMed 19717 88648 500 3 n.a. 80.2 0.02 1 11842
Amazon Photo 7650 238162 745 8 34.74 82.7 0.41 3 4555
Amazon Computers 13752 491722 767 10 34.84 7.7 0.26 4 10000
Coauthor CS 18333 163788 6805 15 0.88 80.8 0.05 5 9424
Coauthor Physics 34493 495924 8415 5 0.39 93.1 0.04 2 28221

Table 5: Statistics about the datasets used in this work.

We use eight datasets in this work that we expose to similar kinds of distribution shifts. For CoraML,
we also create a version that uses continuous word embeddings instead of categorical bag-of-word
features. We use the all-MiniLM-L6-v2 sentence transformer provided by Hugging Face [78] to
embed the abstracts that are provided for each paper (node) in the citation network. All datasets are
taken from PyTorch Geometric [19]. They are licensed as C.C.0 1.0 (CoraML, CoraML LLM), C.C.
Attribution-NonCommercial-Share Alike 3.0 (Citeseer), OdbL 1.0 (PubMed).

We expose each dataset to the same distribution shifts which can be categorized into three families:

(1) Leave-out-Classes. We pre-select a subset of classes and designate them as out-of-distribution.
That is, we remove them from the training set and train the GNN on the remaining set of nodes.
We focus on an inductive setting, where we also remove all edges linking o.0.d. left-out-class
nodes to the training graph, thus preventing information leakage. In the transductive setting,
0.0.d. nodes still contribute to the training signal as they may be connected to i.d. nodes. This
distribution shift can be seen as occurring on a cluster level, as we introduce anomalous nodes
that are likely to cluster together. We distinguish between two kinds of selection processes for
the classes to be left out: We either pick the last classes in the dataset (LoC (last)) or choose
classes with the most heterophilic connection pattern, which distinguishes them even further
from i.d. classes (LoC (hetero.)).

(i) Feature Perturbations. We select 50% of nodes at random to be 0.0.d. and perturb their
features by replacing them with random noise. We distinguish between three perturbation types
that control the similarity of node features to training data: We generate features that are similar
to i.d. data (near-o.0.d. in the following way: For each of the d features, we compute how
frequent it occurs in the dataset. We then proceed to sample each of these features independently
with the corresponding success probability p from a Bernoulli Ber(p). Instead, we can also set
the success probability to p = 0.5 for each of the features and induce a more severe distribution
shift within the bag-of-words domain of the dataset. Lastly, when sampling features according
to a normal distribution N/ (0,1), we generate out-of-domain data that should, in theory, be easy
to detect far-o.o.d.. For the CoraML-LM and the PubMed datasets, features a not bag-of-word.
Therefore, the near-0.0.d shift is omitted and the far-o.0.d. shift needs to be considered within
the domain of the data.

(iii) Structural. We induce structure-related shifts in two ways: The first option we consider is to
rank all nodes according to their local homophily. That is, we compute the ratio of neighbors
with the same class: h; = |[{v; € N; : y; = y;}|/|N;|. We then designate 50% of nodes with
the highest heterophily (i.e. lowest homophily) as 0.0.d (homophily). The second structural
shift ranks nodes according to their (approximate) Page Rank centrality and declares nodes with
low values as 0.0.d. (Page Rank).

In the inductive setting, we remove the 0.0.d. nodes from the training graph and re-introduce them
during inference. We evaluate 0.0.d. detection metrics on a validation/test set that includes both i.d.
and o.0.d. nodes. While the training and validation set are randomized for each split, the test set is
shared across all splits to prevent data leakage. All results are reported over five different splits and
five independent model weight initializations for each of them. Where appropriate, we also report
standard deviations in Appendix
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Remarks regarding Page Rank Shifts. We study the centrality-based shift (which heavily correlates
with a degree-based shift) for completeness reasons as a similar generation process is used in [[79].
However, to which extent methods should be expected to assign high uncertainty to low-degree
nodes is questionable: First, centrality and/or degree are feature-irrespective quantities. In contrast
to homophily (nodes of similar classes have similar features), the confidence of a classifier may not
(and should not) depend on the node degree/centrality. Furthermore, many baselines use symmetric
normalization (Appendix [C.6) that inherently favors high-degree nodes. Therefore, an evaluation
regarding node degree/centrality as a distribution shift will not test the quality of an uncertainty
measure but instead favor all models that use appropriate diffusion processes for most baselines.
Regardless of our concerns regarding a centrality-based shift, we report results regarding that shift
as well in Appendix [C] Note that while GEBM is not among the best-performing estimators in this
setting, it still achieves the highest average 0.0.d. detection rank overall, indicating that its merits in
all other settings heavily outweigh its performance on the Page Rank shift.

B.2 Models and Training

At the backbone of all models, we use the same GCN [34]] architecture if not specified explicitly
otherwise. We use one hidden layer of dimension 64, symmetric normalization Appendix [C.6] and
add self-loops to the undirected (symmetric) adjacency matrix. We use ReLU nonlinearities, enable
the bias term, and use dropout at p = 0.5.

All models are trained with the ADAM optimizer [33] with a learning rate of 10~2, weight decay of
10~*, and a cross-entropy objective. We use early stopping on the validation loss with a patience of
50, an absolute improvement threshold of 101, and select the model with the best validation loss.
We implement our models in PyTorch [58]] and PyTorch Geometric [19] and train on two types of
machines: (i) Xeon E5-2630 v4 CPU @ 2.20GHz with a NVIDA GTX 1080TI GPU and 128 GB of
RAM. (ii) AMD EPYC 7543 CPU @ 2.80GHz with a NVIDA A100 GPU and 128 GB of RAM .

As the GCN backbone used in our experiments is lightweight, model training finishes within a few
minutes and VRAM consumption is dominated by the datasets. Our post hoc method can be fitted
and evaluated in negligible time (<1s).

For MC-Dropout [22], we use a dropout probability of p = 0.5 which we also use for DropEdge [59].
At inference, we evaluate 50 samples to compute uncertainty. For ensembles, we train 10 backbones
from different weight initializations independently. The Bayesian GNN [6, (15} [18]] also is evaluated
with 50 samples during inference and uses a KL-loss with weight 10~! and is trained with learning
rate 10~2 and no weight-decay. We parametrize the weight distribution using a log transform and
initialize the mean and log scale to 1.0 and —3.0 respectively. Weight distributions are regularized to
follow a standard normal.

For GPN [64]], we follow the hyperparameters suggested by the authors and use warmup training
on the normalizing flow for 5 epochs with a learning rate of 1le — 2, no weight decay during joint
training and le — 2 during warmup. The flow dimension is 16 and is composed of 10 radial layers.
The cross-entropy regularization weight is 10~%. We use Page Rank propagation for 10 iterations at a
teleport probability of 0.1.

For SGCN [82]], we use the same GCN backbone and a GDK-prior at cutoff distance 10 and scale
o = 1.0. For teacher training, we use a learning rate of 102, weight decay of 5+ 10~* and a KL-loss
weight of 1071,

For HEAT [36], we use the hyperparameters suggested by the authors. In contrast to their study on
the image domain, we do not have features with spatial extent and can not use standard deviation
pooling on the volume. We set the temperature parameter of the combined HEAT model to —1,
following the suggestion of the authors. Similar to their EBM backbone, we imitate the structure of
the classifier and use a 2-layer MLP with a hidden dimension of 64 akin to the GCN backbone.

Our GEBM framework regularizes logit-based joint energy at a strength . For downstream tasks,
this parameter can, in general, be tuned. We find that an equal weighting of predictive energy and
regularization performs well: We choose v such that the 95% quantiles of both the training logits and
the representations on which the Gaussian density model is fit are in the same range. Furthermore,
recent work on deterministic uncertainty argues that density-based epistemic uncertainty should not
be estimated directly from the logits [46]]. We follow this advice and do not fit and evaluate the
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regularizer on the output layer (logits) of the GNN but instead on its penultimate layer representations.
Note that for the ReLU networks we use, all formal proofs still hold in this setting as the penultimate
representation of a node v is also described by a piecewise affine function 28] (see [A.T.1] Asa
smoothing operator P4, we employ label-propagation smoothing with o« = 0.5 for ¢ = 10 iterations.
Lastly, we found that aggregating the energy terms at different scales (Equation (9)) using a sum
operation instead of logsumexp to perform better in practice and use it for our experiments.

In our ablation regarding different model backbones, we use the default hyperparameters from the
GCN backbone (e.g. number of hidden layers). For each model additional hyperparameters are set to
the following values: For GATv2 [[/0} |8] we use 8 heads and use summation to aggregate them. For
SAGE [27], we use no normalization at the layers.

B.3 Uncertainty Evaluation

For sampling-based approaches, we compute aleatoric and epistemic uncertainty as entropy and
mutual information respectively according to [24]]:

alea

u™* = Egpgp) [H[p(y | z)]]

u? =MI 0,y |, D] = H [Egpop) P | ©)]] — Eompioip) [Hp(y | 2)]]

For evidential approaches, we follow [64]] and use the maximum softmax response max. p(y = ¢ | )
as aleatoric uncertainty and the total evidence ) __ . as an epistemic estimate. Since we want to
compare single measures of epistemic uncertainty, we evaluate GPN’s epistemic uncertainty in the
presence of network effects. For deterministic models (that are at the backbone of EBM-based
approaches), we use the predictive entropy as a measure of aleatoric uncertainty H [p(y | )] and
the energy Ey(x) as a measure of epistemic uncertainty. For all EBMs, we use a temperature of
7=1.0.

C Additional Results

C.1 Out-of-Distribution Detection

We report AUC-ROC and AUC-PR metrics for the 0.0.d. detection problem in an inductive and
transductive setting with corresponding standard deviations over all five splits and five model ini-
tializations each in Tables 6] [8] [[0]and [I2] Again, we report the average performance ranks are in
Tables 2| [0} [[T]and [I3] As mentioned in Section we consider a weighted average that does not
favor any distribution shift family. That is, we assign a weight of 1/6 to structural and leave-out-class
settings and factor in feature perturbations at a weight of 1/9 each.

In an inductive setting, GEBM outperforms all other baselines and achieves the best rank regarding
both AUC-ROC and AUC-PR metrics. In the transductive setting, the two evidential methods GPN
and SGCN outperform GEBM on two datasets: We argue that this is due to feature leakage as o0.0.d.
data is present during training and evidential models are explicitly encouraged to assign low evidence
to anomalous nodes. We want to point out that it is unrealistic to assume that 0.0.d. data is available in
practice and therefore strongly argue in favor of the inductive scenario as a more realistic benchmark.
Nonetheless, GEBM is highly effective for transductive problems as well.

C.2 Improvement over Second Best Method

We evaluate the improvement in AUC-ROC scores of GEBM over the estimator assigned the overall
second-best rank. To that end, we average the model ranks not individually for each estimator and
dataset, but instead compute an average over datasets and splits simultaneously. This way, we obtain
a global rank (over datasets and shifts) for each epistemic estimate. Again, to not favor certain classes
of shifts, we assign weights such that each distribution shift family has an equal contribution. Based
on AUC-ROC scores listed in Table[6] we list the rank of each model in Table [T4}

While our approach, GEBM, also ranks the highest globally, a vanilla logit-based EBM is the next best
approach. Therefore, we compute the improvement in AUC-ROC scores over this model achieved by
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LoC (last LoC (hetero.) Ber(p) (near Ber(0.5) N(0,1) (far Page Rank Homophily
Model AUC-ROCT Acet AUC-ROCT Ace.t AUC-ROCT Ace.t AUC-ROCT Acet AUC-ROCT Ace.t AUC-ROCT Acet AUC-ROCT Ace.t
Alea. / Epi Alea. / Ep (Alea. / Epi.) (Alea. / Ept (Alea. / Epi.) Alea. / Ep (Alea. / Epi.)
GCN-MCD 89.7:07/49 952 8780503200 8Tduis | 064s1cM920a0  T5.6sas | 58.95es50dian  T5.6sas | BLduro/d8. 72.950,/50 252 823115 | TLAsae/502:20  91dirs
GCN-DE 86.2411/73.0410 831522/66 8521 82 T19s27 | AT1200/68 8201 T19s27 | 268410/57. 66.9:10/69.Ts14 793221 | 708214545200 856510
GCN-MCD+DE | 86.2::4/72.6:10 6. A7.0204/68 B1ar /2 Lios | 278120/ 66.9:000/60.750s 789522 | 7095005041z 859501
GCN-BNN 87.551.4/86.05140 2 49.9:45/70.7 505 32650 0/56. 4200 T3liaa | 69.1e14/59.1ias T1L8:04/75.0:01  88.6:10
2 GCN-Ens 89.8:00/73.9510 8T7420/66. 4555 59,4230/ 1130 30.4412/52.7210 73.0211/59. 240 85525 915518
3 GPN 85.3520/88. 1514 85.1504/82.9501 /524525 \,1 4“ /55, 52.4504/67. 12 876520
& SGCN 89.2011/88 1522 89.8500/88.92 9.1 15.0/69.7:1 1 2 741 452/57.9: 900514
GCN-EBM 89.7200/89.9200 8T.6:2.0/88.4 9.9:43/58.61.0 73.0:11/74.2:2:1 912414
GCN-HEAT 89.7200/87 152 87.6:20/86.2500  8T.dsrs | 67.240 7065521 59955644205 73.0503/70. 4224 912400
GCNSafe 89.7:00/91.620.7 87.6:20/90.5005  8T.Auia | 67.2005/57.0500 59.950.4/53 4101 31.7004/35.300 73.0413/50.6:00 3 912010
GCN-GEBM | 89.7:06/91.6200 87.6:20/89501 7 8Tdsis  67.26004/77.7520 59953 4/94.5524 31.7515/86.4200 73.0000/5T.7010 826515 T1350a/76.7515 912410
GCN-MCD 87 1:10/49.9522  90.1s10 xou.,/wlm 895520 na/na na. 16900 | BT8ud0Tar 76 70.5514/50 120 "uzm/uurm 910507
GCN-DE 84.8:04/T0952s  8T.8u12 879502 na/na. na. 756515 7 64.45:.0/69 2510 68.7501/38 1222 8851
GCN-MCD+DE | 84.5::0/713520  88.1i14 87.9:10 na/na. na. 5 7 64.7500/70. 1511 68.7:00/38.9:04 887110
= GON-BNN 86.6:17/802:25 90,0512 893522 na/na. na. 39951 /67.6. i 68.451.4/56.0:2.0 TL6s1:/728500 908200
2 GCN-Ens 87.1:00/T9.5002  90.1iro 895524 na/na. na. 35.8:24/68.400s  TT.3 70.450.4/63.2:1.7 70.2:07/69.2:05 913100
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GCNSafe 9:00/89.8:100 902500 89410 na/na. na. | 70854596500 T71eis 1 70.251.4/50.705 70.1407/713210 91107
GCN-GEBM 86 9e00/88.4211 90.2:00 894420 na/na na. 70.8s14/822:0s  TTlais 702414519207 70.0507/75.0212 91.1sor
GCN-MCD 86.7:24/50. 7220 848412 909500 | 66.0:01/49 1sz0  T6.4s1s T6.dsrs | 29.4516/50. T6.4s1s | 65.6250/49.2522 51.9:20/50 2210 778210
GCN-DE 81.0:24/69.8520  8L0s12 864510 | 63201 5/56.6:02 729510 729:00 | 208012/62.0:08 729500 | 5 59,2515 51851149850 Td3iis
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GCN-GEBM | 66.0::15/709:10 923518 682500/67.2:51 822400 58. 769514 | 20.0:00/75750s 769514 | 6755249 4sie  T86s00  543015/50.0517 833500
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GCN-DE 879510 | 872400 55.8:20/51 3512 T8.8san 78 78.950,/T8.7207  804s1s | 63.2:07/53 5505 895214
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GON-GEBM | 74.3:0.1/51 888510 56.7201/85.2:02 80.0:20 80.0:20 | 41.2615/940500 800225 | 80.8010/52.6510 810517 619s0a/644ms  9ldara
GCN-MCD T4.6+4.5/50.0411 92,0414 89.8:11 89.8+11 42.8412/49.551.4 89.8:11 83.541.5/49.941.4 91.9: 62.0+05/49.6215 974402
GCN-DE T64s0a/61 252 9LTars 885512 885002 | AL8114/51550s o | SLbuia/824s00 € 62.7204/52.0210  96.620.4
_ GCN-MCD+DE | 76.4:5 /61152 914:1: 883514 883515 §1.6:14/82.4 62.6:00/521500  96.6:0.4
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£ GCN-EBM T4.620.4/T5 2550 898210 898210 100600200 07 duoe
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GCN-DE 89.2014/73.T514 944507 | 685500/59 4500 88.8:11 | 64.3::0/67.9:00  88850s 70.9504/76.8:05 62.9:0 /55,7200 97105
GCN-MCD+DE | 89.0+1 /736214 943500 3 885510 70.60/76.500 63,020 .
¥ GCN-BNN 85.6124/85.0522 9750 89020 69.02:.0/61.7512 69.150 ]
I GCN-Ens 89751487 35240 952505 90.0:00 | 32.8:12/60.7:00  90.0z00 | 76.050+/75.0:07 390069100 979.01
£ GPN 73.T503/88.3214 2 916ue 81752a 0599200 S1Teas | 40.6204TT 3000 613205455215 979504
S SGCN 62.2:00/42. 1525 b‘) om0 20, 81200 11.0sr0 | 33.7204/46.2 83.8504/15.0:25 39.022.4/63 2511
S GCN-EBM 89701489 9510 93.6:05/942500 95 898500 | 34.7:00/28 76.150.8/81.9:05 5
GCN-HEAT 89751 /88,6510 936204912250 951205 808400 | 34.7100/69.8500 76.1504/T1. 2225
GCNSafe 89.721.4/92 /966506 95.1s0s 69 898200 | 34.7509/36 76.150.4/61. 4206
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4 GCN-MCD+DE | 92850 4/85.7515 6. 982502 | 59.6:10/55. 120 913215 913urs | ALTe10/5040s  91321s | T4850a/T8.008 58.1404/55.2204 97702
7 GCN-BNN 89.3124/87 5500 981500 | 59701 4/60.0:0s  9L7:14 9LTi0e | 35.7500/55 5500 9LTers | T4350e/68.0:20 61.5:14/628:07 984102
£ GCN-Ens 92841 5/87 8500 983502 | 59.5601/55.705 92,0212 920012 | 417610/53.0500 920212 | 78.951a/Td B2 58.040/62.2200  98.0:0
L GPN 84.815.0/90 352 97Ts0s | 59651 2/58.7200 903114 903514 | 55Ts0r/60850s  90321s | 5305078201 617455/48.8227 988102
£ SGCN 92.4112/92. 1520 983502 | 60.5500/61.520  913u1a 913410 | 41650440000 913e1s | T8201a/79) 58.0:04/36.9:15 975100
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Table 6: Out-of-Distribution detection AUC-ROC (1) using aleatoric or epistemic uncertainty (best
and runner-up) in an inductive setting.

GEBM in Table[T3] On all datasets, GEBM improves the AUC-ROC scores by 5.8 to 10.9 percentage
points on average (16%-32% relative improvement) over the second-best ranked estimator.

C.3 Misclassification Detection

We report AUC-ROC and AUC-PR for misclassification detection in both an inductive and trans-
ductive setting with the corresponding standard deviations in Tables [16]to [T9] In alignment with
previous work [64], we observe that often aleatoric uncertainty is more suitable for misclassification
detection than epistemic uncertainty. Overall, GEBM performs similar to other epistemic measures.
We again want to point out that the scope of this work does not encompass improvements on aleatoric
uncertainty. The results on misclassification detection obtained in our work and previous studies
indicate that this problem may be more suitable as a benchmark for aleatoric uncertainty.

C.4 Calibration

Our framework, GEBM, is limited toward epistemic uncertainty estimation and leaves the aleatoric
estimates and the classifier calibration unchanged. For completeness, we nonetheless report calibration
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CoraML . Amazon Amazon Coauthor Coauthor
Model CoraML LLM Citeseer ~ PubMed Computers Photo P Physics
GCN-MCD 10.7/20.1 10.1/19.9 9.8/19.3 9.2/18.8 10.2/19.6 10.2/19.7 10.0/19.3 10.5/20.4
GCN-DE 6.3/14.2 8.0/16.9  7.8/16.2 7.3/13.6  7.2/15.9 7.1/15.8 6.5/13.2 8.1/16.8
GCN-MCD+DE | 6.9/14.8 7.2/15.9 6.6/14.7 7.3/13.6  7.7/16.3 7.4/16.2 6.8/13.5 7.8/16.4
GCN-BNN 5.2/11.4 6.0/13.4  5.4/11.0 5.3/10.9 4.3/9.0 5.1/9.8 4.9/10.5 4.8/9.9
GCN-Ens 7.8/16.1 6.3/15.0 6.4/12.9 6.2/12.4  5.7/11.6 4.7/ 4.8/10.4 6.2/13.3
GPN 7.0/15.2 5.4/11.2  6.6/12.9 5.8/12.4 5.7/11.8 5.3/11.7 7.2/13.9 6.1/14.5
SGCN 5.2/9.5 6.1/14.6  6.0/12.6 /11.7  9.1/18.5 7.6/15.1 9.3/17.9 4.6/11.2
GCN-EBM 4.5/ /8.2 5.2/10.3 5.2/12.0  4.2/10.7 4.9/10.9 / /
GCN-HEAT /10.4 5.4/12.9 / 5.6/12.8 / /10.2 4.2/8.3 4.7/10.4
GCNSafe 5.3/9.1 4.4/ 5.2/9.5 5.4/ 5.9/13.2 6.4/12.9 5.5/10.7 5.8/11.7
GCN-GEBM 2.7/4.5 29/49 33/57 38/7.4 25/4.2 2.7/4.5 2.7/4.3 3.0/5.0

Table 7: Average o.0.d. detection rank (AUC-ROC) (]) of epistemic uncertainty versus other
epistemic measures / all uncertainty measures over all distribution shifts in an inductive setting (best
and ).

for the GCN used at the backbone of our experiments. Note that since our model does not change
the output of the classifier, the calibration could be further improved using post hoc methods like
temperature scaling [26]. This, however, is beyond the scope of this work.

Expected Calibration Error (ECE). The expected calibration error () [SO] measures how well the
predicted probabilities that are normalized to the interval [0, 1] match the true predictive accuracy.
To that end, we bin each prediction into B = 20 bins according to their confidence (i.e. maximum
softmax response max. p(y = ¢ | «). For each bin, we then compute the average accuracy and
compute the ECE as the mean over all bins weighted by their size.

B
ECE = E M|accu1ra<:y(B;€) — confidence(By)|
n
k

Brier Score. A similar metric is the Brier score [7] ({) which computes the mean squared distance
between the predicted probabilities and the one-hot encoded true labels.

o
Brier = > Ip(y | i) — vill3
7

We report ECE and Brier scores for inductive and transductive settings in Tables [20]to[23] In terms of
calibration metrics, none of the considered approaches consistently shows strong merits. We remark
that work on GEBM and GNN calibration is somewhat orthogonal and our framework can be applied
to any well-calibrated GNN backbone.

C.5 Backbone Architecture

We report AUC-ROC and AUC-PR for 0.0.d. detection using GEBM and different GNN backbones
with corresponding standard deviations in Tables 24)and 25] GEBM is effective on all models and
achieves the highest scores on most distribution shifts.

C.6 Bias of Diffusion Operators

At the core of many GNNs and also our GEBM framework lies a diffusion operator P4 : R™ — R".
Here, we discuss three typical realizations and the bias the introduce.

Symmetric Diffusion. Symmetric diffusion normalizes the adjacency matrix as A =
D~'/2AD~'/?. Here, D = diag(deg(v;),---deg(v,)) is a diagonal matrix of node degrees.
The symmetric diffusion operator has a dominant eigenvector that correlates with the node degree
Vmax X d'/? and therefore also centrality [12]. Repeated application of this diffusion process to
any arbitrary signal will concentrate confidence at high degree nodes. Applying this diffusion to a
confidence measure like the logits of GNN will therefore always favor high degree nodes.
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LoC (las LoC (hetero.) Ber(p) (near Ber(0.5) Page Rank Homophily
Model AUC-ROCT Ace.t AUC-ROCT Ace.t AUC-ROCT Ace.t AUC-ROCT Ace.t Ace.t AUC-ROCT Ace.t AUC-ROCT Ace.t
(Alea. / Epi.) (Alea. / Epi (Alea. / Epi.) (Alea. / Epi Alea. / Ep Alea. / Ep Alea. / Epi)

GCN-MCD 87.5:10/503227  90.ds00 | 84951 5/502:07 852400 nl 8.3.2/50. m‘ s 820s0s | 3L7:20/49.9:20  820s0s | Tldsow/504s20 826115 | 69.0005/48.9020  93.9s0s
GCN-DE 4 87.3:12 | 81.9:24/67.0404  80.9:20 T8.4sin 5. 784510 | 64.3:000/688:00 790520 90.6:15
GCN-MCD+DE 87.6:12 | 80.9:20/66.7502 801220 T8.1s22 64.7215/68 4215 795217 90.8+17
GCN-BNN 84.7:24/84.T202  89.0212 | T8.6:04/TT.6200 821204 80.6220 67.6200/58 1414 80,4120 93,1515

S GON-Ens 87.6:10/T46:00  90.3200 | 84951 /617207 852400 818205 507/59.8501  82.Ts1s 94.0z05

S GPN 84.7:00/88. 100 90.0:10 | 82.2412/839:1s 855500 788521 52.240.0/65.2: 1.0 LB

S SGCN 87710891217 910212 | 86.6:24/89.0221 885200 5175502 TL0214/68 422 94.2:10
GCN-EBM 87.6:17/87 521 84.8:10/85.3220 850z Beaaf6l0s00 81908 T1.4508/73.0217 91200
GCN-HEAT 87.6:17/862:10 9 84.8510/824201 850202 623500659205 81920 3 TLAs0s/70.252 9M1s00
GCNsafe 87.6:14/90.0:00  90.4:00 | 84.8:00/89.0505 850402 | 68.1 " 6230000362000 819500 | 319:1 /335510 os | TLAs0s9.5500 941500
GCN-GEBM 87.6517/89.7500 904200  84.8:410/87.9514  85.0:02 | 68.1415/78.9504 819508 | 623:00/92.4207  81.9:0s | 31.9:14/89.8:17  81.9:0s | 7T14x0s/52.7:10 941200
GCN-MCD 883522503200 912507 | 86.5:24/50 5524 906220 n.a/na. na. 69.3513/49.5222 39.5:24/50.0:25 826515 | T0.1514/50.1525 70.7513/50.0:26 94151,
GCN-DE 86.8:21/75. 1204 85.1504/T31002 88957 na/na na 146\‘1/“)%“ 38.1e2a/625528 799518 | 63.9510/69.6:15 68.8:14/61.3205 91714
GCN-MCD+DE | 87.0:14/75.3:20 85.0000/72.6000  88.9:07 na. 7118373100 36.402a/613120 80301 | 64.0004/69.8: 1 Aiia 9ldirs

Z  GCN-BNN 88.2:10/84.0:2.4 86.0+25/83. 1431 91.0:20 na. &Joml-uzm 38.7000/63.6:25 828510 | 67.8:13/53.9:00 9:18/73.6522 940410

3 GCN-Ens 88.3:21/84.9:14 86.6:24/TT 3250 90,622 na. % 36.6211/63.6:2.0 T0.1514/64. 1525 70.8512/702:08 94051,

= GPN 86.320.0/90. 3510 85.6:41/87 9216 885502 na X 52.2522/55.352.4 52.1510/64.421 5 76.0516/60.4525 925510

% SGCN 89.3514/90.3512 87.7:25/89.0226 906210 na. | 66.1:20/55. 75020 35.0425/40.6 5.5 69.841.0/70.3120 69.35:4/69. 1525 931414

& GCN-EBM 88.2:22/88.2:0.4 86.6:24/87.0:20 90.T520 na. 69.5:1.7/69.4:2.4 38.T50s/34 Le0e 70.151.4/71.9421 70.8:14/69.0605 938510
GCN-HEAT 88.2422/84.T2a0 86.6:24/83.8250  90.Tza0 ¥ na. 69.5:1.7/69.9:3.0 38.720.4/66.3242 T0.121.4/66.65 7 70.8513/69.8510 938510
GCNSafe 88.2:22/91.0. 86.6:24/91.7204 907220 n.a/na. na 38.7208/42420.0 701214501206 70.8504/70.7000 938210
GCN-GEBM 88.2422/80.7 86.622.4/89.1 90.7220 na/na. na. 826110 | 387504860020 826510 | 700014512505  85.0saa | 70804s/729500 938210
GCN-MCD 85.2414/49.Lea s 86.0:20/49.6:20  9Llias | 66.9:10/49. 1021 821ur0 | 64.2000/50.2:00  821ur0 | 320000494000 821sso | 65.0500/50.Lure 829401 | 51.0505/49.8510s
GCN-DE 81.4418/70.3220 81.7:24/68.3:20 864510 768515 4J 9u1afT98s21 768510 768515 | 59.0£12/59.2:00  79.0:1s | 50.6515/50.0:10
GCN-MCD+DE | 81.7214/70. 811424692222 862511 76,8510 768510 768515 | 59.112/59 4500 792500 | 50.7£11/49.8212
GCN-BNN 83.8:14/83.7. 83.6:22/834220 902207 812510 812500 812000 | 62.3200/55.051 81 Biis | 515e0o/52.2500

5 GCN-Ens 85.4200/T4.3201 86.1410/TT.9001 912008 8204100 820400 82010 | 65.0s04/513414 51.040/52.951.¢

g GPN 84.2:51/84.9:27 87.8221/83.0:30  90.9:00 83.3:10 3 45.040.5/50.7+10 3.440.6/49.7+0.0

S SGCN 85.2427/88 4220 86.7:10/89.7222 90600 815510 64.0211/628:25 51.5210/51 612
GCN-EBM 85.3:10/85.7212 85.8:10/85.5:21  9lloo 820510 65.1508/66.321.4 50.9:£0.0/50.621.0
GCN-HEAT 85.341.0/83.6:1 85.8:10/83 5022 911an 820410 65.140.8/61.T511 50.9506/52.95 1.0
GCNsafe 85.3+1.0/88.9:1.4 85.8:10/87.0:20  91.1can 82.0+10 317 65.140.5/42.9500 50.9:0/53.2+0.7
GCN-GEBM 85.3:10/87 1222 85.8:10/86.7422  9LLias | 67.1515/66.6500 82 31.7:14/8L1225 65.1505/48.0511 50.9:00/51.9411 864415
GCN-MCD 66.0220/50.1210 63.2:045/502:12  83.7e0s na/na. 29.951.0/49. 7510 67.821.2/50. 1511 /7 9s25 | 55.6500/50. 1500 88.9:2s
GCN-DE 65. 1;”/57.2,“ 63.8:04/58.6:20 805521 na/na 26.550.0/45.821.7 59.2:14/70.8:10 54.7511/48.9500  84.8:24
GCN-MCD4DE | 65.8:5./57.5:4. 64.1000/59.Liar S0.Toss .. 2 26.551.0/46.04 1.0 59.141.4/70.3 500 54.T00s/49. 1500 849415
GCN-BNN 63.1:01/63.0200 84007 60.125.4/66.9:5 32.7500/48 1124 64.4222/51 007 57.0:1.4/58. 7215 89.3510

B GCN-Ens 632206491255 838214 65.626./76. 2201 51.9 67.9211/48 9245 55.7c00/56.3222 88925

= GPN 62.7200/608.0200 856112 57.0257/56. 1504 46.9:0./70. n“ . 637503/48.0510 903207

Z SGCN 65,451 o S5.les 67.2445/61.617.0 . 68,04 1.2 sn.ow/'ys.xm 90.7415
GCN-EBM 66.12.0/66.1 2.0 63.1547/62.8205  83.Tc0s 65.720.5/58.5. 29.6:04/264200 67.9:11/71 w 5.7505/53 400 88.8:27
GCN-HEAT 66.1200/64.02a5 63.1247/60 4265 83.T:1s 29.620./78.0240 67.9213/60.0.0 55.7e04/59 5220 888427
GCNSafe 66.129.0/67 400 63.1247/67 4207 83.720s 29.6204/384212 67.9214/49.4z0.6
GCN-GEBM 66.143.0/68.413.0 63.1447/66.3207  83.Tu1s 29.6:08/73.0162  T8.1s1o | 67.9511/49.6105 55.7408/5T.1a10  88.8427
GCN-MCD 76.140.0/49.5:1.4 86.6:25/30.0:10 93550 122415496500 8LTe1n | 827400498510 622:00/50. 1500 923507
GCN-DE 76,245 8/75.620.4 86.7:21/79.8:10  93.0:07 41414529400 80721 | 80.3+07/T8 405

£ GON-MCD+DE | 76.8:40/75.5200 37.2.42.5/8 i+ 928:ar : 7. 80.7c1a | 804206/78.3500

2 GCN-BNN 69.4504/73.85100 83.9:07/854555 923104 g 53.2424/53.1aa 9 vs o TT6sae rlx A648516  90.9410

E  GCN-Ens 76.340.4/73.3 100 86.5:28/84 Lias 935520 | 58.1:1 448,850 549124051 5120 11.041.4/56 207 81.T:00 Corl65 10 62.240.4/61.2: 15

S GPN 86.823.0/80.823.0 864522844500 944s1n | 56.5:10/56.651. 56.5:11/57. 1515 55.8:10/58.0515  79.5:24 | 51551376500

£ SGCN 58.5517.4/67. 92105 T8.4505/84.6:70  92Tses | 49.4212/50.6512 48.651.4/51 4212 A7 1s20/5.Te2s 1602150 | 94.0500/13. 1520 43.450.4/56.3:

5§ GCN-EBM 76.0269/75.320 86.3:20/845202 935500 57 55.0224/54.6225 42.341.440, 82.9:04/87 2215 62.3204/60.6505 924507

£ GON-HEAT 76.0:04/73.7200  88.0:1s | 863120843000 935500 55.0424/55.2:20 Ll 2 62.3:04/63. 1410 924501
GCNSafe 76.0:04/87.6:05  88.0:1s | 86.3:20/843510 935505 81.9:10 | 55.0:2 /52,0400 423514430500 81900 X 826512 | 62 92,4507
GCN-GEBM 76.0+65/84.8:25 88015 86.3:26/90.0515  93.5:25 81.9+10 | 55.0424/72.9255 42.351.4/92.0277 82.9408/52.121.10 62340, Jbl 915 92407
GCN-MCD 75.5242/49.9214 82.4200/49.8215 96302 902520 | 52120M9. 7200 902500 | 42.9:07/49.72 84.620.4/50.35 62.0211/49.5515 976207
GCN-DE 76.6.2.4/61.3. T 895500 | 424s1a/5l1s0s 82.020.6/82.01. 61.320/54.0511 96950

_ GCN-MCD+DE | 76.1:18/61.5:01 82.0:40/74.Lsas 3 422404051 5 0s 82.0:05/820100 61.3:00/54.0500 96.9:50

£ GCN-BNN 0 5 o 43.9:11/58.021.0 77.6. 65.4210/67. 1220 979200

£ GCN-Ens s 62.1210/59.6210 977200

= GPN T8.620.5/88.610.7 512500741525 682514/49.9521 964500

S SGCON 76.5:14/80.2:00 » 86.245.0/63 55008 64 42.850./! 122470

£ GCNEBM 75.8215/75.2207 9:21/51 5510 902500 84.6:07/90.5200 919200 | 62.151./! 97.7200
GCN-HEAT 75.8240/T4. 7270 9:21/50.9:15 902500 84.620.7/82. J* v 62.1211/59.3225 97700
GCNSafe 75.8249/75.820 82.3:45/832:00  96.3 51.9:24/51. 7512 902500 . . 84.650.7 62.1504/558551 977500
GCN-GEBM 58l s 9200x | 8280su8TAirs O63i0e 002011 | BLOwiuS8ders 902000 | 42.60u/92000n 002000 | 8461057 Eu 2 62.1511/62.2410 97400
GCN-MCD 88.Tu1d501us  93lsns | 09u0sd06ar0  HBan 92.1:0s | 69.7:07/30.10r  921sas | 36.5013/50Lera 92.1ens | T6.6:01/502410 64.9:00.4/49.7500 988104
GCN-DE 87.8:14/75.6:14 01a /81 1sra O40ns | (880061 6onn  90.9s0n | 6500 /68.6ovn 00 9s0n 2 90.9:05 | 70.9:05/76.6507 63.4205/58. 1507
GCN-MCD4DE | 88.0:16/75.421¢ 89.7:25/80.8:21  93.8:00 .5208/61.421.0 66.2:14/68.6:00 908200 | 352010588510 908200 | 70.9:07/76.7:00 63.4204/58. 1500

& GCN-BNN 85.1400/84.d20 87.9.45/86.6200 942505 20 9/67 1208 55.7552/71. 2000 912505 | 20.3204/53.9500 912505 | 69.1ur/6l1sis 70.351.4/72.0414

% GCN-Ens 88.8:11/86.5:10 91.0422/89.3:24 94850 0.4/63.9:1.8 69.9:00/70.9:11 922502 | 34.0:07/605512 922502 | 76.7:00/76.2412 65.040.4/66.9:0.7

£ GPN 73.3:25/89 8220 839500811200 91.Tc10 10/58.021.5 54.7:08/58.9:1s  854s1r | 546108589515 854s17 | 48.7:05/76.3510 70.451.5/48 4510

2 SGCN 49.1200/62 3255 61.0:04/41 5257 3032105 33951 4/66550 140200 34 2106425 140205 | 84350414952, 38.021.4/64.0:1.0

S GCN-EBM 88.7211/88.6:211 90.9:21/91.8210 948204 69.5:08/70.9215 920202 92.0:02 | 76.6205/81.550 64.920.4/59.550.5
GCN-HEAT 88.7:11/88. 110 90.9:21/88.2:50 948500 69.5:05/70.8:11 92002 92.0:02 | 766504712600 64.9:0.4/66.5:1.0
GCNSafe 88.7:10/92.0500 930204 | 90.9:2./95.6 94 8204 o 920:02 | 695208/63.1510  92.0:02 92.0:02 | 76.6207/61.6507 64.9:0.4/62.0204 989204
GCN-GEBM 88.7611/92.7510 930204 90.9:21/93.6220  94.8:04 58 420.5/96.000 69520n/992205 920505 | 36350495 1cz0  92.020s | 7662071560507 64.9:0.4/68.4211  98.9504
GCN-MCD 914212503205 96.6212 | 946516499205 98.10a | 59.7211/50.0:05 623204501207 929207 | 43.2:04/50.0200 80.1207/49.9z0.7 58.6504/50.1207  98.8:02
GCN-DE 91.2:10/85.2:12  96.5510 | 93.9:016/89.T00s 979500 | 60.1410/56.5505 63.1407/60 2200 12.9.45.0/50. 9100 75.650./78 8100 58.4s0.4/56. 1504 98.ds0s

g OCN-MCDDE | 90.8010847s1  965s10 | M41nid900ars  979sus 62.8:1.0/60.3 0.0 42.2407/50 400 75.6:0.4/78 807 X 58.30.4/56. 1505 984405

% GCN-BNN 89.3224/88.62.0 2 97.9:0 51.8:47/624252  924s00 | 358:005d1e1s  924s00 | TATers/670e0s 942500 | 624200/63.6512 989505

£ GCN-Ens 91.4412/86 2200 981200 62550 60.5-1 - 42140 1m 9 80.1:07/78.9:20 5 58650 ,/\\1 8o 98.7:04

L GPN 85.6.42.2/90.2:2 977200 210588505 923507 | 56.2012/60.1u10 55.80.0 o | 52400s/78.0400 5 98.1504

£ SGCN 91.2:+15/90.325 98.1c0s | 60.8411/62. 0500 924500 | 62.3410/62.2627 42240004507 924200 | 79.2:08/80.9521 98,6504

2 GCN-EBM 91.5:11/91.5:17 98.1:0a | 59.8:10/59.7512 928507 | 62.4:04/62.0514 43.0:05/39.6:05 928207 | 80.0:04/83, 6.5507  98.7502

S GCN-HEAT 91.5:11/88.9:25 981500 | 59.8:10/59. 2005 928507 | 6210625500 43.0:04/60. 1507 928207 | 80.0104/77 2522 58.6504/59.400  98.7:02
GCNSafe 91.5:1.4/94.7 110 981000 | 59.8:1.0/55. 5500 92810 5 13.0005/44.0008 92807 | 80.0405/66.410.0 58.610.4/58.4108  98.T102

Table 8: Out-of-Distribution detection AUC-ROC (1) using aleatoric or epistemic uncertainty (best
and runner-up) in a transductive setting.

4. 1
GCN-GEBM 915:14/937510  96.7411  94.6514/97.2 981403 | 59.8410/83.8527 928407 | 624r08/93.4521

Random-Walk Diffusion. Random-walk diffusion normalizes the adjacency matrix as A=D"'A
which can be seen as a stochastic transition matrix of random walk on the graph. A different
interpretation is that each node distributes its information uniformly to its neighbours which in turn
sum incoming signals. It, too, has a dominant eigenvector that correlates with the node degree:
Vmax o< d [12] and also favors high degree nodes when applied to a confidence measure.

Label-Propagation Diffusion. Diffusion used by Label Propagation [30] normalizes the adjacency
matrix as A = AD™! and can be seen as a smoothing procedure: Each node will update its
features based on the average of its neighbours. Obviously, it has a constant dominant eigenvector
and therefore does not favor nodes based on structural information. We use a repeated convex
combination of the identity and this diffusion process at the backbone of our GEBM framework:
Pa = (aI+(1—a)AD™1)!. The smoothing behaviour enforces a uniform distribution of confidence
within clusters and therefore is suitable candidate for cluster-level anomaly detection.

C.7 Synthetic Experiments

We motivate the three energy terms that we use to compose the energy measure of GEBM through
synthetic experiments. All of them arise naturally from interleaving graph diffusion and energy

34404 https://doi.org/10.52202/079017-1084



CoraML . Amazon Amazon Coauthor Coauthor
Model CoraML LLM Citeseer ~ PubMed Computers Photo cs Physics
GCN-MCD 10.5/20.3  10.2/20.0 10.2/19.8 8.9/18.5 10.4/19.9 10.7/20.2 10.2/19.3 10.7/20.6
GCN-DE 6.7/14.3 8.0/16.9 7.5/15.6  7.2/13.5 6.6/15.4 7.3/15.8 6.6/14.3 7.8/16.6
GCN-MCD+DE | 6.8/14.5 7.6/16.5 7.2/15.2 7.0/13.3 6.5/15.3 6.6/14.7 6.8/13.7 7.9/16.7
GCN-BNN 5.7/11.9 6.1/13.7 5.3/11.3  5.1/11.4  4.7/11.9 / 5.1/10.8 4.9/11.6
GCN-Ens 7.4/14.1 5.7/14.1 5.8/12.4  7.7/14.2  7.3/15.9 5.3/11.5 4.3/9.5 5.7/12.8
GPN 6.5/12.8 6.1/10.9 7.5/15.7 5.8/11.3  4.8/10.8 5.1/11.1 6.7/13.1 6.2/13.0
SGCN / / 4.3/ /! 8.1/17.2 6.7/14.0 9.2/17.7 /9.9
GCN-EBM 5.2/9.7 5.1/10.7 5.1/11.4  5.9/13.4  4.6/12.5 5.6/13.3 / 4.6/
GCN-HEAT 4.7/9.3 4.8/12.2 3.8/9.2 5.1/12.2 / 5.6/14.1 4.4/9.2 4.9/11.1
GCNSafe 5.8/9.6 /9.4 5.4/9.9 5.6/9.1 6.5/13.8 6.5/13.4 5.7/11.0 5.9/11.6
GCN-GEBM 2.8/4.7 34/5.9 /69 38/58 2.7/6.0 3.0/5.2 2.7/4.7 3.0/5.0

Table 9: Average 0.0.d. detection rank (AUC-ROC) ({) of epistemic uncertainty versus other epistemic
measures / all uncertainty measures over all distribution shifts in a transductive setting (best and

).

marginalization, as discussed in Section 4.3} We want to highlight that GEBM allows to incorporate
additional energy functions as well, e.g. if such information is available in designated downstream
applications. As shown in this study, we find that the proposed energy functions already suffice to
enable GEBM to be highly sensitive to various distribution shifts.

@ 1.0 4- 0.75 - — Group
3) Indep.
3 — Local
- 0.50- oca
§ 05 9-
3
5] 0.25+
= %
<1 0.0 - 0- 0.00 f——

1 1 1 1 1 1 1 1 1

1k 2k 3k 0 5 10 -1 0

0O.0.d. Cluster Size Magnitude Heterophily
(a) Cluster-Level (b) Node-Level (c) Structure

Figure 4: Energy of different types for anomalies of increasing severity on synthetic data. We vary
the size of an 0.0.d. cluster on real data (left), insert per-node anomalies to the energies of an SBM
(middle), and increase the heterophily in an SBM (right).

Node-Level Anomalies. We study node level anomalies by generating synthetic CSBM graphs
[S7] (intra-edge probability 0.05, inter-edge probability 0.001, n» = 1000, ¢ = 7). We then generate
c-dimensional logits (intuitively confidence scores) according to a standard normal distribution that
is centered at lgis, = 4 for the dimension of the true class label of a node and 0 otherwise. This
roughly resembles the logits of a well-trained classifier which peak at the true unknown class. We
then perturb a fraction p = 0.05 of the logits by replacing them with positive noise from a standard
normal distribution that is rescaled by an increasing magnitude. For each magnitude, we compute
all three energy terms for each node and compare the difference in energy to the corresponding
unperturbed energy. Effectively, this monitors how the energy of a node changes under increasingly
severe distribution shifts that affect the logits of a classifier. We visualize the median of the energy
differences in Figure db} While all energies increase with higher magnitudes, the structure-agnostic
energy term of GEBM is the most sensitive to anomalies that are located at individual nodes. It does
not suffer from the smoothing of anomalous scores induced by graph diffusion.

Cluster-Level Anomalies. We study anomalies that affect an entire cluster of nodes by iteratively
introducing an anomalous cluster to the graph. To that end, we leave out k classes and train a GCN
on the Amazon Photos dataset. At inference, we re-introduce nodes (and edges) of the left-out classes
which can be seen as anomalous from the perspective of the classifier. Similar to the aforementioned
node-level anomaly, we monitor how each energy type changes while iteratively introducing the
entire cluster(s) of 0.0.d. nodes into the graph. Again, we see that the cluster-level energy term of
GEBM is the most sensitive to this distribution shift in Figure fa]
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LoC (lus LoC (letern. Ber(p) (near) Ber(0.5) N(0,1) (far) Page Rank Homophily
Model AUC-PRT Acet AUC-PRT Ace:t AUC-PRT Acet AUC-PRT Acet AUC-PRT Ace:t AUC-PRT Acet AUC-PRT Acet
(Alea. / Epi) Alea. / Epi.) (Alea. / Epi) Alea. / Epi.) (Alea. / Epi Alea. / Ep Alea. / Epi.)
GCN-MCD 85.1108/46.522.0 #33.4525 8Tds1a | 64.6226/51.d205 756125 | 54.2454/51.0227  75.6125 | 37.8419/47.6125 T1.8422/56.T+24  82. 66.141.4/50.6:24 91411

74.0.
66,

66.3:20/684510 793521 | 66.9:22/48.8510  85.6510

GCN-DE 81.0418/62.9:2.0 820521 | 61.7503/54. 152 719527 | 36.0410/61.5520
GCN-MCDADE | 81.3210/62.3221 T21sa1 | 36.4s20/62.2507 66.6:22/68 4210 789222 | 67.1514/48.6512 859521
GCN-BNN 81.0200/77.8201 T31s2s | 38141 4/58.0520 69.0220/543208 789218 | 65.6514/683510  88.6:10
S GON-Ens 85.1204/67.923.0 75.9424 s10/54.7501 TL8:24/543505  827s1s | 66.2501/65.8520  9L5s1s
S GPN T7.1444/82.2:00 728500 | 52441457 Lise £2/62.0:527 60.2:00/45. 7517 8T.6s20
S SGCN 84.1224/83 2205 36.24201 Ls21/51.5504 57,0207 66.3216/70.6250  90.0214
‘GCN-EBM 85.0+0.0/85.5. 66.0+5.0/63.85.7 758422 7.941.6/35.921.5 19422716435 66.0+1.5/66. h )
GCN-HEAT 85.0200/79.5250 66.0.£3.0/61.2515 758522 | 37.9508/73. 500 7194220673130 66.0+1.4/63 91.2410
GCNsafe 85.0:00/87 3522 90.3:10 51 66052, 758422 | 37941396521 71.9422/54.0400 GG(\»./EHM 91.2:10
GCN-GEBM 85.0:00/88.0005 903210 T3Ts0of5.less  8Tdsns | 66000713120 758422 37.9:14/88.8251 71.9422/56.8+1.1 66.0:15/68.8222 912410

GCN-MCD 840517464220 900510 | TA0w04/32150s 895520 na/na. 76.9:10 | 411615478507 65.4:00/49.6:25 910507
GCN-DE 80.7:10/58 2200 87.8:12 | T22:00/d5Tisn  87.9: na/na T5.6:10 | 39911 4/64.8520 648514513220 885411
GCN-MCD+DE | 80.3:21/58.3:21  88.1u1s | 72.6:00/46.310 75,2021 | 39700 d/64.6120 64.8020/501. 7005 88.7410

Z  GCN-BNN 83.4:20/675205  90.0:12 | T26:00/61.2: T6.8:105 | 4LT600/65.7510 £14/52.2600 66.2:1.0/67.7520  90.8500

3 GCN-Ens 83.9:14/70.1 89554 7732100 | 89651 4/65.6510 70.2:11/56 9215 65.4206/62.2:24 91300

= GPN 5 3 88.1.as 758524 52.0/58.0222 55.651.0/62.510 630204470220 90.8512

% SGCN 89.8:10 6815157 | 40.8224/44.9.555 68.151.4/60.7 1.6 m 8uuof618152 8024204

& GCN-EBM 894520 T71es | 39.9:615/39. 260 69.9:1.2/69. 1415
GCN-HEAT 894520 TT1s1a 39 951.5/67.0247 69.9212/58 625
GCNSafe 83.7210/86.450.7 89.4za0 T0.500/5T dxrs TT.0srs . 69.921.2/54 8207
GCN-GEBM BTei 5 a0 002000 894120 T0.5000/728500  TT.ds1s 69.9512/53.2:00 9L.1s07
GCN-MCD 70.4:42/316:02 848412 48.142.4/48.6122  T6.4urs 60.142.2/50. 1421 778510
GCN-DE 61.7219/42.422 5.2420/79.9210 729510 56.041.4/56. 1510 743510
GCN-MCD+DE | 63.1:51/43.4. 23800224 73015 9 . 56.021.0/56.6.51.1 746210
GCN-BNN 68.621/64. BeaolT2.320 A g 5851 | 35951 /631000 58.5:21/48 8212 T7.1s20

5 GCN-Ens 71.3500/52.3 500 78.4505/63 512 61.6:1.4/50. 1020 76.9510 | 36.5:11/59.1sas 60.2422/43.T 0.0 211/57841a TT.Ta1s

% GPN 69.7407/71300s 856510 | 8L1c0nf69.0:52 54.9:17/51.9:10 Tirn T6.7+10 | 54.0415/66.8:25 46.7515/50.T510 53.4:15/50.5415  TTdw2s

S SGCN 68.1:01/625570  85.0211 | 776204698505 6422 573206591506 758214 | 36.4415/35.9515 52. 51.5:17/53.6:21  T6.6520
GCN-EBM T10:0/T10z0s 848210 4 90.9:07 | 61.9:51/59.052. 49.8:08/425505  T6.6515 | 36.8:14/34.8514 o T7.5:10
GCN-HEAT T10:20/632:02 848410 . . . 61.940.1/58 3122 49.8405/73.9:02  T6.6515 | 36.840.4/77.0:401 T7.5510
GCNsafe TL0:00/738:00  84.841 78.4500/77.3152  90.9:07 | 61.9:01/54.6510 49.8+45/44.0424 766515 | 36.8414/37.9414 60.142.2/45.3 415 . 775510
GCN-GEBM T1.0:20/69.4205 848510 784s00/78.5550  90.9:07 | 61.9:31/59.8:20 76.6:15 368514753500 60.1522/47.2414 513:14/52.4508  TT.5510
GCN-MCD 53.6:1 /391200 92.321s | 335:07/198200 82250 76.9:15 | 38510 5/49.8506 16/49.6510 54.8:14/49.6507 833110
GCN-DE 53.0:27/445205  918:10 | 208200240525 T9.2s 749517 | 36.6:07/58.2:01 Asal65.5510 5502/ 80.9:24
GCN-MCD+DE | 52.4:24/44.3:15 2 79. 749510 | 36.9104/58.9500 55.641.2/65.55 1.0 55. 80.7524
GCN-BNN 52.5204/50.325 T6.4211 | 37.9:07/64. 252 60.3:21/46. 4225 828122

B GCN-Ens T6.9:15 | B7.604/58. 7411 624214460214 54.72 ,/m ng '

=GN 76.9:01 | 54.1e1o/73.0507 47.7200/66.1 0 569524/

Z SGCN 772414 5 62.4512/702405 1 T
GCN-EBM 76.9:14 /660552 54.8:14/53. 517
GCN-HEAT 76.9:14 623214519256 54.8214/57 922
GCNSafe 0 76.9:14 62.321.0/50.71.4 54.851.4/55.851.
GCN-GEBM 53.641.8/56.7217 76.9514 62.351.5/49.0412 54.8514/56. 1415
GCN-MCD 50.2:5.4/29. 121 942011 | 57.5:12/5L.0510 80.2420 80.041.2/54.6:10 59.7+0.4/52.040.7
GCN-DE 52.5200/42.0221 934s1a | 57.6:15/52. 1517 788525 T7.521.3/69. 700 62.2507/49 3200

£ GON-MCD+DE | 523:s0/41.7220 934s14 | 57.9214/51.9515 785520 N T7.3214/69. 70 62.020.0/49. 2204

2 GCN-BNN 50.4501.6/54.0510.5 56.721.4/52.521 8. 111‘. J5TLers 76.2:10/45. 1520 59.451.4/64.7 520

E  GCN-Ens 50.5:8.7/50.215.5 57.6:14/48.8: 1.0 80,4 13.7412/58.0410 80.2414/524 110 59.710.4/59.61 1.6

S GPN 563510 2/47 8110 53.8:24/55.0:1.4 s Tddsier | 58.8504/59.T5a1 51.1s0s/T1 A1 59.550.0/47.0512

£ SGCN 26 T 48.5:00/49.9:15 477m/uuuu 1175022 | 48.7222/48 521 93350 4/32.4105 45.550.4/59. 4501

5§ GCN-EBM , 57.4214/56.6:11 54700542550 800220 | 44.1515/43.5512 79.9:11/81.8500 59.6.0.6/60.051.

£ GON-HEAT 50.8:5.5/49.6:7.0 5 57.4:14/54 45100 547000534500 800120 | 44.1510/61 2520 79.9:04/TL Lier 59.6:0.6/62.0410 9 2
GCNSafe 50.82x8/61. 420 941412 | 57. 80.0:20 | 54.Tea0/51.9525  80.0:20 79.9:11/54. 1505 59.6:0.6/52.3500  9L1sra
GCN-GEBM 3 941512 80.0+26 | 54.7230/67 4571 80.02256 79.941.1/50.121.2 59.6506/61.3:12  91.1s12
GCN-MCD 953220 89.8:10 | 52.1510/50.3200 898211 82.2:14/52. 721 63.7200/51 8215 97ds02
GCN-DE 946220 885512 | 530easl5ldins 88.550a 80.414/75.7 (‘l 9500/49. 1507 966104

_ GCN-MCD+DE 948510 88.351s | 52.662/51.0600 883415 80.4515/75.Ts07 96.650.4

£ GCN-BNN 95.7210 893521 | 50.0610/48.9500 893520 7.6

£ GCN-Ens 953210 89.9:10 89.9:10

= GPN Iy 86.5515 86.5510 51750071 A0

S SGCN 50.3:0.1/51.65.2 1545100 1541100 92.651.7/42.6522.0

£ GONEBM 9:a2/51 40z 89,8510 89.8:10 . 82.421./89.021.4
GCN-HEAT 5.9:5./45.9 89.8:10 89.8:10 | 45.8504/50.9200 898210 | 82.4510/729507
GCNSafe 6210.4/60.1-01 55.9»4,‘/56.1‘ 95300 89.8:10 89.8:10 | 45.8504/46.6505 898510 | 82.4510/59.T500
GCN-GEBM 621504/749:80 918510 55.9:00/62.1ira  95.3:20 | 58.8:0 u77 (m o 89.8:10 89.8:10  45.8:08/94.8210  89.8s10 | 82.4410/55.5508 974503
GCN-MCD 89.041/56.6:14 9230 | T6.8:24/25.2000  95.1w0s | 685200519500 899410 2:00 89.9:10 | 394505480500 899510 | 72.6:00/53.8500 97.9:04
GCN-DE 89.3:1 2 76.6:24/37 4008 94dz0z | 66.6:06/59.3200 888510 | 6002 ‘/ua Ton 888:11 | 892:05/61 4507 888210 | 6711 0/7T5 300 97,1205
GCN-MCD4DE | 89.1:1¢/67.0215 75.3530/36.9:21 94300 | 66.5:00/59. 4208 885510 | 60351 4/68.8505 885510 505/60.7207 885510 | 66.8501/75.0500 97.1z04

& GCN-BNN 82.9.24/80.8. . sa 94Ti0s | 662010634500 89.0s08 | 5112a/688:25 890105 | 36.8510/55.3500  89.0s0s | 65.7er0/54. 250 97.9:04

% GCN-Ens 89.3:14/83.9:0.4 76.9:20/61.0c08  95.2:05 | 68.6:11/58.3:00  90.0:00 | 69.3:04/64.3:05  90.0500 | 38.6:00/61350s  90.0t00 | 72.6:00/65.5507 . 97.950.4

£ GPN 68.5:04/88.7212 53703445507 91621z | B4901/56 800 BLTsas | 52900593500 81Tsas | 52,651 0/50.Ts2s 50.2:05/TT.5520  834srs | 57.0552/43.2505 979204

2 SGCN 58.5:04/42.9:12 din ‘/m 0z07 2| 463208497206 110270 | 38.7200/59.9507 110270 8025000340200 121s0s | 41.0515/61.5500  1d.1sos

S GCN-EBM 89.2415/80.6215 68.5:11/69.4500 898100 | 68.8219/71.9424 898500 72.6500/77.8512 909505 | 63.5504/60.9505 978504
GCN-HEAT 89.2:15/85.2:0.4 £ . 68,5110 89.8:00 | 68.8614/65.5510  89.8500 £00/64.6550 909505 | 635504658505 T804
GCNSafe 89.2:15/92.6215 76.5. 95105 | 68.5211/611200 898500 | 68.8:51 /622605 898200 72.6:00/61 3207 909205 | 63.5504/58.0205 978504
GCN-GEBM 8920 4/934ss 923500 | T655u/816201 68.5411/939:14 898200 | 68.8214/99.6502  89.8200 72.6200/55.208 63.5204/65. 7210 978204
GCN-MCD 76.0:24/18 4207 96.7205 | 89.7214/25.6207 59.110/50. 7206 91.9:12 | 624500/50.8500 919212 2140496505 59.0504/49.8206  98.0z02
GCN-DE 76.5:02/48. 7208 964501 | 88.6:14/69.9:0s 3 58.7:00/55.6:07  9L1ire | 61.5007/60.0s00  9L1ira 68.7504/T4.2500 58.90.4/" 97.7502

% GON-MCD+DE | 766130494224 96.5:00 | 89.0:18/70.2621 982402 | 585206555500 913415 | 61401598500 91315 68.9:11/T4 408 58.8:0.4/ 97.7402

% GCN-BNN 66.6:74/59.82105  96.6511 | 81.3204/81.9:00  98.1:0n | 58.9:10/57.6500  9LTera | 52Twaal 917214 + 68.6212/57 2417 61.9:11/65.3217 984502

£ GCN-Ens 76.0:24/60.0200 968205 | 898514795551 98.3:0s | 592010558200 920212 | 624500/57.2002 920212 | 443500546511 59.0:0.4/66.

L GPN 50.3:01/749:00  96.8504 | 55.6:0.4/84.2001 7 56.0412/56. 1000 903504 | 54.0000/58.85rr 903014 | 53.6:08/59.2001 59.745.4/46.

£ SGCN 75.0:34/763205  96.9204 | 89.8:10/80.555 59.8:07/60.6500 91314 | 61551 d/60.6500 913414 | 4470044500

2 GCN-EBM 76.0:25/79.8:02 968205 19/92.051.4 59.0:10/58.8:02 92012 | 628500/621500 920512 | 44.851 043,600 56,9208

S GCN-HEAT 76.0:25/639:02 968205 | 89.T01/78.0:20 59.0:10/56.6:11 920512 | 62350 1/61.6500 920512 | 44.8500/61.0:0s 59.0504/58 8505 98.0:02
GCNSafe 76.0:25/863128  96.8505 | 89.7:14/90 4000 50.0410/54.9 08 920112 | 623000/56. 4005 92,0012 | 44.811046. 100 59.0504/56.0105  98.0s02

GCN-GEBM T6.0+25/84.7455  96.8+05  89.T:13/95.410 ‘JS:SW 2 | 59.0410/77. 0427 92,0412 | 62.3:0.0/94. 1510 92,0412 44.8410/80. 0500 920412 | 73.1415/55.9410 93441 : 59.0+0.4/61.3105  98.0402
Table 10: Out-of-Distribution detection AUC-PR (1) using aleatoric or epistemic uncertainty (best
and runner-up) in an inductive setting.

Structural Anomalies. The last anomaly type we consider is creating structural anomalies: To that
end, we generate synthetic CSBM graphs similar to the node anomaly experiment. However, we
adapt the intra- and inter-class edge probabilities to accommodate varying degrees of homophily: We
fix the intra-class connection probability at p = 0.05 and vary the signal-to-noise ratio cgyg Which
implicitly defines the inter-class edge probability as p/osngr. We measure the degree of heterophily
as — log osngr and again compare how individual node energies change for increasingly heterophilic
graphs in Figure[dc] We find that the cluster-level energy of GEBM is the only energy term that is
sensitive to structural anomalies.

Overall, these experiments motivate the use of the three naturally arising energy terms in GEBM:
Each energy is sensitive to a different family of distribution shifts that originate from anomalies at
different structural scales on the graph: At the node level, with the local structure of a node and at the
cluster-level.

C.8 Overconfidence of GNNs

We disambiguate between previous studies on the underconfidence of GNNs [74} [75] and the over-
confidence issue of piecewise affine networks tackled by our work. The former studies the calibration
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CoraML . Amazon Amazon Coauthor Coauthor
Model CoraML LLM Citeseer ~ PubMed Computers Photo cs Physics
GCN-MCD 9.7/18.9 9.2/19.0 9.4/18.7 9.1/18.7  9.1/18.3  9.9/19.1 10.0/19.2 10.5/20.4
GCN-DE 6.3/14.1 7.9/16.9 7.2/15.3 7.1/13.3 7.4/16.4 6.9/15.9  6.3/13.2 7.8/15.4
GCN-MCD+DE | 6.8/14.7 7.2/15.9 6.0/13.9 6.6/12.8 7.9/16.9 7.6/16.6  6.7/13.5 7.4/15.1
GCN-BNN 5.9/12.3 6.6/14.1 5.6/11.8 5.8/11.4  4.6/10.4 5.3/9.7 5.2/11.6 5.3/11.9
GCN-Ens 7.4/15.7 6.8/16.0 6.8/13.5 7.2/13.4  6.4/14.9 / 4.9/11.1 6.4/13.6
GPN 7.1/15.3 6.0/14.8 6.4/13.1  4.8/9.0 5.4/12.9  5.3/11.8 6.8/13.5 5.6/12.5
SGCN 4.7/9.1  5.9/14.8 5.8/13.1 / 9.4/18.7 7.4/14.8 9.4/18.6 4.6/9.9
GCN-EBM / / 4.8/11.9 6.5/12.5 / 4.6/10.7 / /
GCN-HEAT 4.8/11.8 4.6/13.1 / 5.5/12.7  3.6/10.9 4.7/12.4  4.6/10.6 5.2/13.7
GCNSafe 6.4/11.9 4.8/10.1 5.6/11.2 5.4/8.9 5.8/13.3  6.9/14.7  5.4/10.3 6.1/11.9
GCN-GEBM 27/45 32/57 3.6/77 36/70 28/6.5 3.0/50 28/4.7 3.0/4.8

Table 11: Average o.0.d. detection rank (AUC-PR) (| ) of epistemic uncertainty versus other epistemic
measures / all uncertainty measures over all distribution shifts in an inductive setting (best and
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Figure 5: Confidence (Maximum Softmax Probability and negative energy) for different GNNs at
increasing distribution shift severity.

of GNNs on in-distribution data, and provides strong evidence for models to be underconfident. This
does not conflict with our claim that with increasing distance from the training distribution, i.e. on
out-of-distribution data, piece affine GNNs become overconfident. We empirically verify this in
Figure[5} Both the energy and the maximum softmax probability - confidence measures - of the GNN
architectures visualized increase (or converge to their maximum) under more severe normal feature
perturbations.

C.9 Robust Evidential Inference

80 - A APPNP
APPNP-EBM
77 A § % GPN

T T i ® GEBM (ours)

I- 5.0

=
IS
= - 2.0
>
Q
8
5 - 1.0
Q
<
- 05
1 1 1 1 1
0 25 50 75 100 7
Budget (%)

Figure 6: Robust evidential inference using APPNP as a backbone for GEBM at increasingly severy
feature perturbations.

https://doi.org/10.52202/079017-1084 34407



LoC (lus LoC (herero.) Ber(j) (n Ber(0.5) N(0,1) (far) Page Rank Homophily
Model AUC-PRT Ace.t AUC-PRT Acc.t AUC-PRT Ace.t AUC-PRT Ace.t AUC-PRT Ace.t AUC-PRT Ace.t AUC-PRT Acc.t
(Alea. /Epi.) (Alea. /Epi.) Alea. / Ep (Alea. / Epi.) (Alea. / Epi Alea. / Epi Alea. / Epi.)

GCN-MCD 82,822 /46. 4220 852405 | 65.3525/51 0500 820208 | 56.520.4/50 820:00 | 37408027 82000 | 100200505027 82601 | 63Teesd8300s 939500

GCN-DE 79.4125/61.2:2 63.610/55.9:50  T8.ero 3ea 7L T8.4s1s | 35.6415/50.350n 64.1000/68 1rs  79.0:23 | 6 5 90,6515

GCN-MCD+DE | 79422 4/62.2:22 812z | 487504l 8122z | 358514/611s2s 64.5210/67 5510 795517 | 6 90817

GCN-BNN 77260/ d200 80.6 47.9. 806220 21.3/55. 242, 67.6:10/53.8500  80.4szs | 6335n0/64.5200  93.1u1s
2 GCN-Ens 82.8424/68. 0220 818:0s | 56.0- 81820x | 3754 N 70.0rd/35.300  82Ters | 63605640020 90205
S GPN 76.6422/82.3215 T8 | 4980015 T88s21 | 50.7420/56.0502 £1/60.5515 67950549110 OL1srs
S SGCN 83 1e17/86.1525 549400/54. 5450 51.7s30z | 45.3s10al 51.Tsm03 | 36241544 3500 Be14/62.625 Gdler 6580 042000

GCN-EBM 82.8222/83.0221 850402 | 66.4201/66.1501 819208 | 5T.1205/56.3 5 70.051.0/70.2:20 2.5

GCN-HEAT 82,8222/ 850202 | 66.4201/62.9502 81920 | 571 70.0410/67 9525

s1/73.62a
81.9:05 | 37.5:14/38.5514 s
819:0s | 57.1455/91.6152  819:0s  37.5:17/90. 7515 81.9:0s | 70.0:10/53.3207

850552 | 66.451/57Tose  81.950e | 57.1454/52.
85.0502  66.423./71.

GCNsafe 82,82

27 70.041.0/53.0:0.7
GCN-GEBM 828086100 90y

63.4515/643214 94.Laos

GCN-MCD 844505457202 912507 | T0.T240/33.2:05  90.6:20 na/na na. 70.2:05/53. 100 826215 | 429520494000 826515 | 7075140556521 648004478200 941a1s
GCN-DE 828504615500 897512 | 69154492504 889417 na/na na 79.9:18 | 42.2:20/65.0520 799518 | 64.7510/68.9514 64.0220/535508  91Ta1s
GCN-MCD4DE | 832024613020 89.4u0s | 6870048 8000 889007 na/na na 80.3u1s | 4L1i2a/642020  8031es | 64.6510/69.4010 63624538008 9lduis
Z  GCN-BNN 83.8:2.1/72.5:00 91.0:20 na/na na 828510 | 41.9:17/64.6522 82810 | 68.7415/51 1415 67.2:14/68.8520  94.0410
3 GCN-Ens 90.6:2 na/na na. 826:1s | 411263750z 826215 70.)(” /38,3115 64.9:013/63 4225 940511
2 GPN 885522 na/na na 53,220 /54 1. 5.251.0/61.020 7105220513507 925510
% SGCN 00 Giro na/na na 4450 68 511264924 63451 /644552 93.1u1s
S GCN-EBM 0515 na/na na 650004647500 93.8510
GCN-HEAT 91ds07 | 70920 /654200 na/na na. 65.021.4/64.8:24 938510
GCNSafe 91.dz07 | 70.9:05/79.8200 na/na na 65.021.4/61.9205  93.8210
GCN-GEBM 9ldsor  70.950o/T4 na/na. na. 706514525504 65.051.4/65.2510  93.8510
GCN-MCD 83.5.12 730 Al3T5era 6255000512502 82.1i10 82.1u10 60.350.5/50.7 420 X 51.5:07/50.6515  86.3515
GCN-DE 61.1502/56. 2205 768215 76,8515 5 50.6£11/50.5510  816s1c
GCN-MCD+DE 61.2:01/56. 7200 768215 76.8:10 56.221.4/56.041.6 2 50.7200/50.3212 817515
GCN-BNN .5 64.7504/5T 1220 812200 58.620.4/48 6207 3 51.9:04/53. 1205 86611
5 GCN-Ens 67.6:00/51. 100 5 82,0410 60.410.4/45.550.8 51.5:07/54.9:15  86.4s10
g GPN 63.60.2/64.0+. 83.3:10 45.7+0.7/49. 1121 53.6400/50.5500  88.0:10
S SGCN 66.925.5/74.225.7 1a 815510 59.121.4/55.62.0 51.5:00/524200 859514
GCN-EBM 66.9222/66 32+ 63.459.0/60.8544 82,0210 60.2:0.4/60.2:1.5 513507 86.dsis
GCN-HEAT 66.9.2.2/60.6-+ 63.442.0/60.852.4 82,0410 60.240.4/56.3 z.m., 86,4515
GCNsafe 66,950 /701211 73.7+45/72.0+4 63.442.0/55.9520 82,0410 60.2+0.4/45.3 0.4 . 86,4415
GCN-GEBM 6692321658254 78743740530 9llson  63.4530/59.1525 82,0510 60.2:0.4/47 6510 51450 1/01 -m 3 864s1s
GCN-MCD 83.7:15 na/na T8.1s10 | 38.0204/49. 7510 62.1206/49.9:10 56.020.6/49. 4207 88925
GCN-DE 80.5521 na/na 749521 | 36.6:04/56.0:1 0.4/66. 1411 55.4500/48.6207 848524
GCN-MCD+DE na/na Todurs | 36.610.4/56.0500 5.0.0.4/65.7 0.0 55.300/48 8s0r 84941
GCN-BNN na/na T8.2:10 \Sﬂﬁvv»/ub Liso 50.0.1 157411 56.1:12/60.2415 893510
GCN-Ens na/na 7 7 0.6/46.1 520 56.020.6/59.3221 88925

60.8:10/4T 5205 90.3507
56.9:0.0/55.9510  90.741s
56.1c0.4/55. 1515 888527
56.120.4/60.0220 888527
56.1506/57.6207  88.8:27
56.106/54.3515  88.8427

52041655552
£0.0/70.1525

PubMed
g
Z

SGCN 54012 /60,6207
GCN-EBM 53.7:24/53.9:20

(;2 20050, 1*,7
62.250 /484106

GCNSafe 53.722

T8.1z10 | 38020415500
GCN-GEBM 53.742.4 s

62.610 5/83. T8.1s10  38.0:04/77.

GCN-MCD 53.2:5.5/28. 5510 58.042:4/50.6+ 1.0 5402015040 817201 | 4410a/182010 81.6:12/54.T50s  827s0s | 60.5505/51.6500 923507
GCN-DE 52.7200/44.0227 58.4129/52.9410 54.5:25/52.0:07 80712 T8.7214/69.3 2 62.0205/50.6505  90.9:05
£  GCON-MCD+DE )3 67 o/43.8222 4521/53.0216 54 7,, /5195 80.7210 41 78.9:0.0/69.3 o | 622600/50. 7504 9l1sor
2 GCN-BNN : 776520 | 43.6514/57.950 5 7790005 ins 80.Tans | 60.2410/64.0420  90.9410
E  GCN-Ens 58.2400/49.1i1s 817500 | 435114566500 818:1a/54Tiee 826500 | 60.5:04/57.4100a 924500
S GPN . 54.2:12/55. 1515 S48 /56, 3emn T95uns | 55.Te0 /5T 0 50.7c00/TlAs1s  79.3:20 | 66.1555/48.9507 8615104
£ SGCN 3560001443100 67.15107/77.3505 48.0415/49 3505 47.3 ,4/493“ 1615151 | 48.020 0479217 93.7500/35.85162 1490004 | 45.4200/58.8521  16.T5106
5§ GCN-EBM 53.028 /509204 79.6:06/T7320 819510 | 4ddsr a/d3.T50s 81.8:1.4/84.41. 60.6:204/59. 4200 924507
£ GON-HEAT 53.040.5/45.8. 79.6:20/71.2:02 92 819510 | 44.4504/60.9:10 81.8514/T25 500 60.6:0.4/62.0514 92407
GCNSafe 53.0:08/60.9:05  88.0:1s | 79.6:00/713222 58.0:20/53. 1515 54.2:02/509:18 819210 | 44.4515/44. 1500 81.8:11/54.6:10 826512 | 60.6:05/523505 924507
GCN-GEBM 53.0488/06 8555 79.6+3.6/80.425.4 58.042.0/77. 4220 5424320644540 819110 44.4115/94.T 200 81.841.1/49.71.1 60.6+05/59.5215 924507
GCN-MCD 63.925.1/41 3 s 59.0+2 90.2:20 | 4500 0/48.9:512 83.7204/53.6215 64.021.4/50.7212 976207
GCN-DE 59. 89.5510 | 45.260/54.0500 81.0200/75.3 63814511507 969500
. GCN-MCD+DE 89.5517 5 80.9:0./75.3 0.1 639050 Ls0s 96.950s
£ GCN-BNN 90.0:20 76.1224/55 4207 68.0225/68.7225 979200
£ GCN-Ens 83.8200/65.1520 04 1424/57.6520  97.7200
= GPN 51.8500/70.820 Se2a/d8.2:00  96.ds00
S SGCON 2 22 84.945.5/66.3 1202 1 8:00/56. 7501 12.2470
£ GCNEBM 44,851 3/44.3212 83.8:1.0/89.5514 64.021.4/58. 9510 977200
GCN-HEAT 44.841.4/60.2 83.8:1.0/75.60.0 64.051.4/59.9225 977500
GCNSafe .5 44.841.4/45 83.851.0/59.9:0.6 64.0:14/52.6521 97500
GCN-GEBM 64.1402/77. 0501 920508 08 21\,0/63 201 963201 A15750s 90201 90.2:10  44.8414/94.4. 90 200 | 83800055 3000 64.0:1.4/58.6520 97400
GCN-MCD 874014560205 931500 | T0.1eas/23.2:07 948504 | 69.5:10/53.6500 92100 92,1500 410‘ 07A8.Tr00  92.1:0a | T3As0r/541i10 65.1c0/50. 1500 98800
GCN-DE 8T1:17/69.2:05 922505 | 69.9:0/34.9:00 940505 | 68.0:15/61 8500 909206 90.9:00 A60.5505  90.9:05 | 67.1208/75. 2508 63.2:0.6/54.T208
GCN-MCD4DE | 87.4:1+/68.9:10 6 67.7:14/61.8202 908200 90.8200 60.8/60.611.1 67.1204/75. 207 63.320.0/54.8207
& GCN-BNN 81.8247/80.12s 67.0400/643501 912205 . 91.2:05 | 37.7207/54.2014 66.120./53.7 0.8 70.0500/73.041.4
I GCN-Ens 87.6:10/81.3:225 922:02 | 70.9 \1/0(8 Lo 922502 | 39.7406/616:10 73.450.0/66.7:1.0 65.1:0.2/68 8108
£ GPN 67,620 0/90.2:1 - 85417 | 5ABe00/38.Tenr  85duir | 543200/58 8an 49.6:0.4/76.5:2.0 66.721.0/45.3200
2 SGCN 47.0205/57 925 20 14.0205 140505 | 40.3504/52.9514 81154, 40.521.1/6;
S GCN-EBM 87.6120/87.8217 69.4510/69.5515 920202 92.0:02 | 40920 6/38.0500 450 410 65.120.4/60.550.¢
GCN-HEAT ST6urolS06o00 03 1evs | 69.001 /53 Atr0s  O48s0s | 6940 68 00re 920005 92,0502 | 40.9:0.4/69. 73.4507/65. 1508 65.1:0.4/65.7 1.2
GCNSafe 87.6:20/923500 930204 | 699204806557 948204 | 69.4510/60.9510 92.0:02 | 40920 4/41.95 73.4207/61 508 65.1204/58 1205 989204
GCN-GEBM 87.6:20/928500 930204 69.9:4a/749:75 948204 69.4510/94.9507 70341 499 92,0202 40.9:0.4/96.4= 73.4207/54.9200 65.120/64.7215  98.9504
GCN-MCD T1.8:24/18.7 98.1z04 | 59.7214/50. 1507 7 | 61.5204/50 f)z 9z07 | 44.8506/49.4200 742204050006 60.2:0.4/49.9205  98.8202
GCN-DE 97.9:04 | 590404565510 923200 | 6L1410/60. oo 540./T5.350.0 59.5:04/55.0505  98.ds0s
% GCN-MCD+DE 3 92307 | 60.7:15/60.9510 32 £ w 5:0.8/T5. 2500 X 59.5:0.4/55. 1505 984405
% GCN-BNN 924:00 | 48.5204/58 o4/544s 69.6:00/56.8220 942510 | 63.3:07/66.3200  98.9:00
£ GCN-Ens G150 d58 3001 441504544212 T4.2:04/68.022 7 5 60.2:0 ,/\n 60 98.7:00
L GPN 53.5:14/57.5s21 53.3410/57.T 20 mzw /774120 9 98,140
£ SGCN 713 2 61.221.6/C 44.8+05/44.2205 92  441.4/76.240 98,6504
2 GCN-EBM H‘Jm/hs a5 61.7204/61 1500 T35 0280 | THOG TS 0.2504/57. 505 98.7202
S GCN-HEAT T1.9:26/58 220 m Teral60deno A4 Te0nl602200 92807 | T4.041.0/69.552s 60.2:0.4/59.3506  98.7502
GCNSafe 719120835002 14/56.345 447100456000 928t0r | T4.0410/63. 4108 60.200.4/56. 7105 98.7402

GCN-GEBM T1.9:26/80.6457  96.7411 B;l 81aof91.5¢43  98.1s0s J‘J Bn I78. 61:L. .
Table 12: Out-of-Distribution detection AUC-PR (1) using aleatoric or epistemic uncertainty (best
and runner-up) in a transductive setting.

1700 /909,01 928a0s | AdTeoulSd

92.8:07 | 74.0:00/56. 7504 60.2:0.4/61. 7205 98.7402

We apply GEBM to an APPNP model and expose it to increasingly severe feature perturbations.
Even though APPNP uses the same number of diffusion steps as GEBM (¢ = 10), it suffers from
deteriorating accuracy even when a small portion of node features is perturbed. Since logits and energy
are unbounded and likely to diverge under strong enough distribution shifts (see Proposition4.1)), a
fixed number of diffusion steps is insufficient to recover from perturbations. At the same time, the
regularized energy of GEBM converges to zero and, therefore, a fixed number of diffusion steps can
effectively maintain high robustness akin to evidential methods like GPN.

C.10 Partially Perturbing Node Features

The feature perturbation-based distribution shifts discussed in Section [5.1]replace node features with
noise. We additionally study a feature-level distribution shift that partially corrupts the features of an
instance. To that end, we vary the fraction p with which an individual node feature is perturbed and
again measure how well uncertainty estimators can detect this distribution shift. In particular, we
replace d - p uniformly and independently selected node feature x; with Gaussian noise and keep
d — d - p features as-is.
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CoraML . Amazon Amazon Coauthor Coauthor
Model CoraML LLM Citeseer ~ PubMed Computers Photo cs Physics
GCN-MCD 9.9/18.9 9.4/19.0 9.1/18.5 9.5/19.1 8.9/18.2 10.1/19.4 10.0/18.9  10.5/20.3
GCN-DE 6.3/13.9 7.4/16.1 7.2/15.6 6.8/12.9 7.6/16.7 7.3/16.4 6.7/13.3 7.1/14.4
GCN-MCD+DE | 6.7/14.5 7.5/16.2 6.9/15.3 6.1/12.3 7.6/16.7 6.2/15.3 6.0/12.7 7.214.7
GCN-BNN 5.7/12.1 6.7/14.4 6.2/12.8 5.6/12.8 5.3/12.6 4.9/ 6.0/12.6 5.7/12.9
GCN-Ens 7.2/14.2 6.8/16.1 6.3/12.9 7.6/13.9 7.2/16.1 5.9/12.3 4.5/11.0 6.4/13.8
GPN 7.0/15.1 6.2/12.9 7.0/154 5.1/ 5.1/ 5.4/11.6 6.6/12.0 5.9/9.8
SGCN / / 4.2/8.4 3.5/6.3 7.6/16.5 6.3/13.7 9.3/18.4 4.7/
GCN-EBM 4.8/9.3 4.4/11.2 4.8/13.1 6.4/13.3 /11.3 /11.3 / /8.6
GCN-HEAT 4.7/10.2 4.4/12.9 3.5/9.8 5.2/12.7 3.9/11.3 4.9/14.1 4.4/10.7 5.2/14.0
GCNSafe 6.7/12.1 5.3/10.8 6.7/12.5 5.8/9.5 6.4/14.7 6.5/15.6 5.7/10.9 6.1/11.8
GCN-GEBM 32/52 3.6/6.5 / /8.5 2.7/6.7 3.9/8.6 2.8/5.8 3.2/5.2

Table 13: Average 0.0.d. detection rank (AUC-PR) (]) of epistemic uncertainty versus other epistemic
measures / all uncertainty measures over all distribution shifts in a transductive setting (best and

).

GCN GCN  GCN  GCN GCN GCN  GCN GCN
Model | \icp  DE  MCD+DE BNN Ens OFN SGCN gy gpar OCNSafe  gppy
Global | g6 153 152 107 126 130 139 103 106 5.0
Rank |

Table 14: Global o.0.d. detection rank of each model, averaged over all datasets and distribution
shifts in an inductive setting based on AUC-ROC scores (best and ).

We compare the AUC-ROC of different uncertainty estimators while increasing the fraction of
perturbed features for each o0.0.d. node in Figure[/| While both the softmax-level uncertainty of the
vanilla GCN and the EBM again become overconfident, GEBM can reliably identify this distribution
shift. This coincides with observations made for feature perturbations that affect all node features
simultaneously and justifies focusing on that distribution shift for the bulk of our study.

D Ablations

D.1 Energy at Different Scales

We report AUC-ROC and AUC-PR for 0.0.d.-detection ablating GEBM in an inductive and trans-
ductive setting with standard deviations in Tables [26]to[29] Additionally, we rank all variants of
GEBM (i.e. energies at different structural scales) similar to the 0.0.d. detection experiments in
Section[5.2] We observe our proposed GEBM to consistently be the most effective over different
shifts simultaneously. We can also confirm the effectiveness of the scale-specific energies at detecting
distribution shifts that should be covered from their definition. Both the best and second-best ranking
methods are GEBM and a variant that uses unregularized energy: This shows the efficacy of a
scale-aware EBM for graph problems.

D.2 Diffusion Process

We also ablate the diffusion operator P4 and its hyperparameters, i.e. the type of diffusion process
(see Appendix [C.6)), the number of diffusion steps ¢ as well the teleport probability «, in Figure[§]
We evaluate the performance of GEBM on a representative of each distribution shift family. As
expected, low ¢ and high « aid node-level anomaly detection while the opposite holds for cluster and
local shifts. Label-Propagation achieves satisfactory performance over the entire range of diffusion
hyperparameters which justifes using it in our experiments. In particular, we did not tune any
hyperparameters for good 0.0.d.-detection. As stated in Appendix [C.6] it does not bias the energy
toward high-degree nodes which explains its advantages over the other diffusion types. It performs
well over a broad range of hyperparameters making GEBM less sensitive to those.
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LoC (last) LoC (hetero.) Ber(p) (near) Ber(0.5) N(0, 1) (far) Page Rank Homophily (Weighted) Avg.

Dataset Abs. / Rel. Abs. / Rel. Abs. / Rel. Abs. / Rel. Abs. /Rel. Abs. / Rel. Abs. / Rel. Abs. / Rel.

CoraML +LT/41.9%  +1.0/+12% +10.4/+155% +35.9/+613% +60.6/+235.7% —16.5/-22.3% +5.5/+7.7% | +10.5/+32.8%
CoraML-LLM +1.3/415%  +2.2/42.5% na. +12.2/417.5%  +52.3/+158.2% —20.8/—28.6% +5.3/+7.6%  +5.8/+18.8%
Citeseer +15/4+1.7%  +0.8/4+0.9%  +1.2/+1.9%  +525/+119.9% +48.6/+207.1% —18.1/-27.3% +1.7/+3.3% | +9.0/+33.0%
PubMed +5.1/47.8%  —0.6/—-0.9% na. +35.4/+72.7%  +48.2/+175.3% —23.2/-31.9% +6.7/+12.9% +8.2/+28.7%
Amazon Computers | +5.9/+7.8%  +2.4/+42.8% +28.7/+50.7% +20.5/+37.3% +54.0/+134.9% —32.7/—38.3% +2.9/+4.7% | +7.9/+20.9%
Amazon Photo +8.4/+11.2% +9.4/+12.0% +26.9/+46.6% +12.2/+234% +49.8/+116.8% —32.3/—35.7% +8.4/+140% +8.9/421.0%
Coauthor-CS$ +2.9/+3.2%  +1.9/+2.0% +26.0/+37.3% +28.0/+39.1% +61.2/+212.8% —25.4/-31.0% +9.0/+14.8% | +10.9/+30.3%

Coauthor-Physics +1.6/+1.7%  +1.5/+1.5% +22.4/+37.7% +32.9/+52.6%  +33.2/+84.2% —21.9/-26.7% +4.8/+8.6% +7.5/+16.9%

Table 15: Improvement of GEBM in o.0.d. detection AUC-ROC over a vanilla logit-based EBM
(GCN-EBM) in an inductive setting.

LoC (lust) Ber(p) (near) Ber(0.5) far) Page Rank Homophily
Model AUC-ROCT Ace.t AUC-ROCT Ace. AUC-ROCT Ace.t Ace. AUC-ROCT Ace.t AUC-ROCT Ace.
Alea. / Epy (Alea. / Epi) (Alea. / Epi) (Alea. / Epi.) (Alea. / Epi.)

GCN-MCD 91.6:06/50.0525 90420 7724200504527 56524494504 T5.6525 21 756520 | 804514/50.0204  823s1s | 85.6515/50.70a5  9ldirs
GCN-DE 88451 2/T6.6510 872417 67.8:25/67.825.1 GLTeo 108000 T1000r | 40500r/58.40s TT.7:28/T1620 193220 | 80.7:17/68.6:20 856200
GCN-MCD+DE | 88.5:14/76.4516 67.7525/68.252 63.9550/70.6500  72.1us1 | 41.3554/50. 155 T7.8:25/70.9525  T8.9:22 | 80.8420/68.74 85.9521
GCN-BNN 90.1211/89.151.4 T7.0200/71 75.7507/748551  T3.1s20 48 Te26/55.0200 81.3:22/80.Tc2s 789210 | 87.0211/85 5

2 GCN-Ens 91.6:05/75.9140 6.1424/56.7521 759120 5 80.2:1/66. 400 82Tiis | 86.2014609:00

Z G 89.6214/89.621.4 2450 80.5502/68.5551  72.8:30 81.9:25/67.520.4 79645067 6207

& SGON 91.2400/89.351.0 90.9:41.5/88.8522 65.4505/54 45100 3625201 79.444.6/69. 45100 87.3:1.0/80.4:20
GCN-EBM 91620 /91 4507 89.1412/89.0:1.4 76.4520/75.5520  T5.8:22 | 46.8516/44.6500 80.4:14/78.3217 86.0:1.6/84.851.0
GCN-HEAT 91.6:00/88.9:10 89.1412/86.8520 76452471 As0r 758522 | 46.8:400/58.Tsas 80.4418/75.7220 86.0410/81.7220
GCNSafe 91.6506/93.1507 90 89.145.2/90. 451 764520745525 75822 | 46.8516/16.150 7 80.4218/T8.7218 86.021.6/84.551 7
GCN-GEBM OL6u0n/ 00n 903010 | 89101480600 764129/T0.6531  T5.8:2s | 46854059055 T58saa  80AstalTT 2504 86.0+16/83.1+10
GCN-MCD 90.0511/50.0525 90.1sro | 89.2:20/49.0522 775520510502 769504 | 5LT00e/50.1ear 769500 87.2:214050.7 220
GCN-DE 88.4511/76.3 878512 | 8741 0/Td 8500 T6.5516/54. 4500 756515 | 48.Te20/64.T20  T5.6215 84.2410/75.222.4
GCN-MCD+DE | 88.0:16/76.8:25  88.1s1a | 87.1uas/T5.1uss 75.7516/55.8501 752421 | 50.1424/67.3507 75240 84.2415/76.2420

2 GCN-BNN 89851 8/85. 7525 90.0:12 | 88.8:20/86.2:15 T19:0i/5T 1sez  T68s1s | 54.0427/676520 768215

2 GCN-Ens 90051 0/81.7e40 901510 | 89.2425/79.5550 7 2 773515 | 52202 0/6T.0004  T7.350s

2 GPN 894500 | 88.5:24/85. 152 758523 | 83.0:24/72.

EE SGCN 90.5510/8T.651s 88905 | 88.2:10/8540s 68,1517 T LT3 T e

S GON-EBM .91 0/80.2 90.2:00 | 89.1 Sins T81er T6.0000  TT1rs 3 Biaa 87.121.0/84.9:00
GCN-HEAT 80001 WST.00ss 902000 | 8O Lo 6ert 78 Le1d/T T7.1srs | 513se /62507 87.141.0/80 3525
GCNSafe 89.9510/91.8511 902200 | 89.1:26/90.9:10 78.1514/80.5508  T7.1srs | 51.3505/49.2500 9 87.141.0/85.551.4
GCN-GEBM 89.9:10/904x12  90.2:00 | 891:2s/89.8:24  804uas 78101 d/TLT52s  TTdsis | 513004/62.6500  TT1s1a /81.3x21 87.1:10/82.6:10
GCN-MCD 89.5514/50.2424 90.5512/50.2522  90.9:06 6:32/49.8:21  T6.4s1s | 43, ly /505525 T6.Asen | 83.4507/50 125 82.6:1.4/50.4210
GCN-DE 4 76,8520 871514749520 86410 627:20/783510 729510 | 3 o 80.8:10/75.5525
GCN-MCD+DE | 85.3:10/77.6527 87.5510/75.2520  8T.1s1s 63,450 /777500 y o 81.0414/75.9:17
GCN-BNN 89.2414/90. 1411 90.1414/89.9515 903210 ox L»f /!8 Gos  T58srs 84.2:00/86.000 84.4514/85.8511

5 GCN-Ens 89.6510/81.0440 90.451 /813550 9lLios : 83.2:08/79.3510 82.651.4/76.2525

Z GPN 90.9217/89.621 92.6510/87.3527 916212 . 8682080 4215 86.821.0/80.120 925.9/79.5242

5 SGCN 89.4514/88 1120 90.441.4/88.2410 T06ee T Acss  T58ers | 439.0dA1Tors 83.6:00/82.1512 83.6514/82.4515
GCN-EBM 89.5.511/89.5510 90.5:512/90. 1 73.9502/65.6515 76 83.2:1.0/81 8210 82.8:12/82.1510
GCN-HEAT 89.5:11/87.9415 90.5512/88. 4520 73.9502/75.T410 2.1/66. 83.2:10/81.0:12 82.8:12/81 1515
GCNSafe 89.5511/91.8500 90.5512/91.9:412 73.9552/75.055.5 45.3521/41.8520 83.241.0/85.721.1 82.8:12/86.151
GCN-GEBM 89.5511/91.0500 90.5:12/90.7510 73.9502/74.9:21 45.3:2.1/59.0525 83.2:10/82.9:11 82.8:12/83.5:15
GCN-MCD TL1s 415(1 Lsor 73.9515/9.9510 69.351.5/50. 4200 49.750.4/50. 1507 31.4/50.2:00
GCN-DE 69.7+2 . 63.151.5/66.1 2 46.6200/52.951.1
GCN-MCD+DE | 69.5:2 ./hl 120 62.751.4/65.320.4 46.6:11/53.3511
GCN-BNN 70,05 0/69.555 5 69.9:2.4/65.61. 49.7211/55.4511

2 GCN-Ens 7124 56 4.0415/7 8500 69,451 0/61.6:5 49.6507/55.411.0 73.9:

Z GPN 68.1207/65.T220 74.4524/70.5530 7425180624220 77.0. 275200627200

Z  SGCN 69.851.5/69.651 5 73.452.0/70.3525 49.4515/48 3514 75.4514/70 3
GCN-EBM TL0£16/70.8517 T4.0515/73.T515 2 49.1:07/48.T205 3801 741514708215
GCN-HEAT T1.041.6/69.2 T4.041.5/68.9:0.4 69.041.4/62.4; 49.1:04/56.9100 7380 74.1414/69 8120
GCNSafe TL0s16/71.0525 923215 | TA0200/758210 69.0£14/67.0225  T6.9514 | 491507493500 T6.9214 | 7382 T8.6500 | Td1e1a/T13200
GCN-GEBM TL0:16/73.9414 923418 | 740018707008 822408 69.0:1.4/63 5520 76.9414 | 49.1404/53.2:10 73.8:13/66.3x50  T8.6ros  TAdaro/TLTa10
GCN-MCD TT1s51/49.8500  888i1s | 878109497010 94241 65160 4/49. 7512 802525 | 49.1507/49.T 510 T4.7:20/50.2:04 81015 3104/49.9:12
GCN-DE 78.1409/78 452 ST.7520/82.5520 93410 62.2:08/62. 45107 T8Bs2s | 45.6:24/65.524 73.5:27/13.7500 80421 | T4.0:00/70.9500

% GCN-MCD+DE | 77.8::5/78.2:1 87.4502/82.3522  93ds1s 62.1503/62.T5000 78522 | 46242465015 T3.6220 + 805sna | TALaadT0.720s

2 GOCN-BNN 87.3:00/89.0500  93.4:10 68.0:05/66.2:70  T8.3s2s | 46.7:21/62.6500 75.24 T TTTesa | T73004/80.040

£  GCN-Ens 87.750u/80.1us0 942500 65.1s06/51.0505  80dsas | 48.352/65. 4501 6. 81.2:05 | T

S GPN 85.1505/83.T26 943511 7524580622500 TdAsiar | 76.3200/62.955 785522

£ SGCN 56.24106/68.6 5156 59.Liass 52.850/47.Tas6 1175122 | 50.8509/51 1500 20.05140 9.9/43 81

S GCN-EBM 87.5500/85. 7501 94112 65.4£41/63.7230  80.0526 | 4842 /484220 810517 | 75.2408/T1 1510

£ GON-HEAT 87.5550/85.2405  94.lara 65.4501/64.4550 80.0s20 | 48.4526/63 5550 S/67 4. 810s1r | T5.2508/72.2405
GCNSafe 775, 424 87.5500/87.0501 94112 65.4501/69. 1506 80026 | 48.4526/50.5527 ST4Tas 8107 | T5.2:08/T25510
GCN-GEBM T7.5450/82.5500  88.8:10 | 8T.5real8T.lecs  941s12 65.4511/58.6:08  80.0:00 | 484524549501 T4.9:25/68.1501  810:1r  75.240/68.550.
GCN-MCD 79.0509/50. 111 920201 | 834:24/502520  95.3:20 68.0208/50.416 898511 | 50.9:50 2493216 83.6:27/49.9200 919205 | 82.3200/50.552s
GCN-DE 804524666510 917411 | S41e2a/T6.522 94620 69.5:0.6/55.8+ 885512 | 49.1400/65.3100 91.3:07 X 56510
GCN-MCD+DE | 80.6:25/66.8:2 ¥’ 83.6.520/76.02.0 68.5.55.0/55. 1. 88351 | 50.ds2 /62 91650

£ GCN-BNN T7.0506/79.4552 916220 | ST.5zal90.ls0s 722500715251 893:21 | 53.5:20/65.6505 90,4227

£ GCN-Ens 79.1509/82.4500 919210 8 As27/84.5501 68.4500/57.8550 899500 | 50.2:49/63. 4520 92,140

£ GPN 80.8:10/87.1500  888:1a | 91.6:22/78. 2501 78950 8/67.6500 865515 | 80.0:05/67.4. 88.6:20

S SGCeN 80.8:24/80.7000 921500 | 8L0sso/80.dsas 50.8502/51.1ass 1545100 43 047.0/53.2483 122400

£ GCN-EBM 79.1509/78.6500 918210 | 83.4:29/79.6502 68.0:00/65.4201 898510 | 55.2:24/51 1501 919505 | 82.0410/T7.9510
GCN-HEAT 79.1559/79.8555 91810 | 83.4s2 768500 68.0:50/60.5500 898410 | 55.2424/62.01 919505 | 82.0510/TT. 7510
GCNSafe 79152 5/78.6. 918510 | 83.4:24/86.0500 953220 8,000 /67 2000 89,8210 | 55200 5T 9210 91.9:05 | 82.0410/79.8200
GCN-GEBM 79.1404/84.9405  918:10 | 83.4104/88501r 953420 5,010 62500k 808010 | 55200503010 375071627500 919100 82.0110/77.3510
GCN-MCD 908512501510 923508 | 932509499512 95.1s0s 89.9:00 | 791519497500 89910 | 478014/50.0510  899:10 | 836200500200 90.8:04 | 84.6:06/49.6517
GCN-DE 90.241.0/76.T51.4 91.7500/84 1505 9Adsor 88.8:00 | T0.5:18/75.6500  S88p01 | 425006/68.5000 88860 | 80840776200 896500 | 80.8:10/76.4500
GCN-MCDHDE | 90.0:15/76.7514 91.3504/83.9505 943206 69.5610/75.3512 885510 | 42851 /67. 1012 885510 | 80.8:400/T7.9:14 896200 | SLLsoo/T6.8:11

@ GCN-BNN 88,451 5/88.0515 924500917514 947105 72.6504/82.0520 89005 | 43.0524/59. 4510 89.0s0s | 87.0:04/87.0500  89.8:00 | 892504894505

% GCN-Ens 90.9212/88.621.0 93.2504/91. 2510 79.1510/58.751s 900200 | 46.1500/624505  90.0z00 | 837200/792217 84.4207/83.5200

£ GPN 80142 6/86.9:41 5 84.952.1/74.9500 82.5:10/62.7501  8LTs2s | 825010/62.7001  S1T:2n | 83.5:14/63.9200  834s10 | 815:a0/70.0202

% SGCN 74.3575/46.3 5005 69.8212 /4805107 0:44/51.6252 110570 200/51.6501 11070 5592002 12150s | 54.6212/56.85124

S GON-EBM 90.9:12/90.241. 93.2:08/91. 1213 9.5515/78. 7516 898200 | 47.6:24/41.3:21 89800 15 909505 | 844200786215
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GCNSafe 90.9:12/91.9:15 2508915512 79.5:05/76. 1107 898200 | 47612443120 898500 | 836200727210 909505 | 844500/75.6514
GCN-GEBM 90.9512/92.4515 93.2508/92.1413 76.452.0/67.5525 79.5515/70.1451 89800 | 47.6524/63.2515  89.8r00  83.6:00/70.3220 909503 84ds0a/T82510
GCN-MCD S34ualt0.Te00 96Tuns | 96.9s0 /501505 sb 5e0649.941. 81.8:20/49.951s  919:12 | 53.9:20/49.9506 919512 | 881210499500 934510 | 9LT:0a/50.3512
GCN-DE 93, 96.450. L/81.9: 10 T8.7420/78.650r  9Lliie | 5L0:2uf6L1iar 9lliie | 8T.1uiaf849:a  93.1eia 86.3 0.
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GCNSafe 96,8205 Jb 9203197 820 82.2:20/80.4520 920512 | 54.5:21/51. 8527 920512 | 88.0:11/84520s 93410 | 917204868205  98.0:02
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Table 16: Misclassification detection AUC-ROC (7) using aleatoric or epistemic uncertainty (best
and runner-up) in an inductive setting.

D.3 Feature Collapse and Spectral Normalization

A recent line of work identifies feature collapse as a limitation in uncertainty estimation for deter-
ministic models on i.i.d. data [46}[69]. Intuitively, feature collapse occurs when out-of-distribution
data is mapped to the same regions of the model latent space as in-distribution data. Consequently,
density-based uncertainty estimators such as the regularizer of GEBM can not separate both data
distributions accurately and falsely attribute high confidence to out-of-distribution examples. To
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GCN-MCD 88.0:207/49.2420 8B6uriiDune Ollsor | Thdurdilluna T71221/50.6524 45452495521 821s1a | 826:21/50 3527 5 s,‘ /502520 863515
GCN-DE 85.241.4/T7 6122 1 864510 61.852+/79.051.4 11deaaf61ds10 T6.850s /19720 S16srs
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S GCN-EBM 79.5:54/T¢ 66.5214/63.5:2.1 59.9:01/58 4544 4965247 3124 TLOs1 /66.151s 826512 924207
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$ sGoN 61.8415/59. 74130 3034135 51.647.4/53 50.265./50.245.5 5784104549410 13.140a
S GCN-EBM 90.320.4/80.450 948200 62 79051769517 483500408510 82.850a/T4.9505 989200
GCN-HEAT 90.3204/89.3510 948204 M3 7520 79.021.4/729528 48341 66,0414 82.8412/753510 989204
GCNSafe 90.3404/91.9411 M Buns | T82013/122015 79.0:1.475.2420 483410423014 82.841./73.141 989504
GCN-GEBM | 90.3:0/92.5:1 94850 | 78.2:14/67 3000 79.051 /68,0527 48351 a/64.1ire 82.8514/69.5507 98.9:04
GCN-MCD 92.3212/50.220 98 1ans | 868204499212 82421501510 5512049 9208 88.3206/50.0211 91151 0/49.8250s 988202
GCN-DE 92.141.0/86.9410 O78une | 88sonune 80.341.480. 7415 514114622414 873410850415 89.9:11/87 5200 984s0a
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Table 17: M150135$1ﬁcat10n detection AUC-ROC (1) using aleatoric or epistemic uncertainty (best
and runner-up) in a transductive setting.

mitigate this issue, spectral normalization has been proposed to enforce Lipschitz smoothness in a
classifier [46] 47]. We investigate if this regularization benefits GEBM as well in Appendix [D.3]

In contrast to work on i.i.d. data, we do not find spectral normalization consistently leading to
improved out-of-distribution detection. We provide two possible explanations: First, feature collapse
has not been observed to occur for graph problems. The diffusion process at the backbone of many
GNNs may mitigate the issue. Second, spectral normalization enforces Lipschitz smoothness in
terms of the L, norm of the input features of a node and its representation. This notion neglects the
structural influence of other nodes and, therefore, may not be suitable to quantify feature collapse in
non-i.i.d. domains such as graphs.
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Table 18: Misclassification detection AUC-PR (7) using aleatoric or epistemic uncertainty (best and
runner-up) in an inductive setting.
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Figure 7: Out-of-distribution detection AUC-ROC for different estimators for an increasing fraction
of perturbed node feature dimensions on CoraML.
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GCN-MCD TT 82213000 96651z | 8T9:07/263500 39052710951 929507 | 378500/129:02 929207 | 59.5u1 /545 TordT 70 9450 | 3935265207 988z02
GCN-DE TT8:2/579500 965000 | 868:aa/TL5eas 395420383410 36.6100/378500 923200 | 618014699015 33.9:24/25.0414 374221126617 98Asna

4 GON-MCD4DE | 77.2e0i/57.0u1s  96.50v0 | 872005721001 39. 1,‘ S/37 6521 37.7503/38.T0n 923s07 | 62.1u1a/T04s0a 33.6.2.4/25.0. 6. 5.9 98.4:04

£ GCN-BNN 735606700502 966510 | T9.6200/81 3500 2321437 2250 55.0s124/6530185 924500 | T242120/77.0201 37.6231/37 5550 402533038 2525 989202

£ GCN-Ens TT8ua 613001 96.7ure | 88.1ear/TT.0us0 30,61 417 6100 37540414 Turn 50.241.0/63.341.1 34340422 Taas 30240430210 98.Tina

é GPN 70.3+3.9/T4.T13.0 96.8+05 | 66.9+48/87. 1425 42.1427/21.2243 40.6421/18.7225 40.8:21/18.7+25 40.141.9/18.522.6 40.9:25/20.1424 98104

£ SGCN T8.0:30/76.0505 965510 | 88502088 102 42.1441/30.2. i 1,4 A6 58.7221/53.3500 33.8421/23 84 378225/283552 986204

% GON-EBM TTTealT8Asas 96.7o0s | 88.0203/89 2401 38.8ea oo 59241455922 33.0:1 284017 30.5:0033.7205 987202

S GON-HEAT TT.7e20/632500  96.711 | 88.0207/TT.0450 388421266510 ss z,, u/z., o o 59,241 6/64.025.4 33.9:1 6264530 395200248522 98.Tenz
GCNSafe TT7ea/845000 96,701 | 88.0:03/92.4420 38.8421/36.2403 38. 92. 50.2:1.0/58.042.4 33.9:1027.1420 94 39.5:00/28. 152 98.Tsnz
GCN-GEBM | 77.7024/834250 96711 | 880201926207  981cos  38.8:ai/310:00 928207 | 38 2, CUB0cy  928enr | BO2eiuBLLic 339510323401 OL5s0r | 305s00/30ds0s  98.Ti0a

Table 19: Misclassification detection AUC-PR (1) using aleatoric or epistemic uncertainty (best and
runner-up) in a transductive setting.
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Model LoC (lasr LoC (heterophilic) Ber(p) (near) Ber(0.5) N0, 1) (jar) Page Rank Homophily
Clean /1d./0.0.D. Clean /1d./0.0.D. Clean /1d./0.0.D. Clean /1d./0.0.D. Clean/1d./ O.0. Clean /1d./0.0.D. Clean/ Ld./ O.0.D.
BGCN 64212/ 57502/ 697220 122000/ 106200/ 120002 | 122020/ 106507 /19300 | 12.2400/ 485504 /56.T201 | 118525/ 1122100/ 86520 49502/ 58213/ 94120
GCN-MCD 60512/ T 7015/ 51 5sa0 o871/ 217/ 271224/ 30 5227 775171 237200/ 21 320 217/ 428401 /652005 | 6.80104/65010/15.7601 | 12.012/21.0:10/ 151410
_  GCN-DE L 7ot 1125000 |6 Ars | 10.Tosn I B dens 20000 | 16,700/ 2L 8ern/13.900s | 16,70t 310210157 124017/ 12.052: /194020 | 22.3420/20.9+24/ 211005
S GON-Ens 7021/ 8. 3501/ 50.0521 72017/ 263220/ 31 T00s | 720107/ 243500/ 2 5sez | 72007/ 404000/ 594000 | 65001/69500/159521 | 124510/ 216508/ 15451
£ GCN-MCD+DE 123020/ 130425/ 46,020 | 170420/ 204403/ 23 Tonn | 17.04n0/22500a/ 13400 | 17.04n0/ 3T 8403/565022 | 120420/ 123400/202001 | 22.4120/29.9422/21.Ts0s
O SGCN 31.5425/33.2:26/ 349200 1881165/ 1812201/ 1592152 | 1884165/ 16. 15105/ 1345175 | 188116/ .415\/] 39.02150/ 3832120/ 4481158 54.7415/63.0216/ 462427
GPN 0s10/7 4113/ 54, 9.6015/109427/ 520500 | 9Tars/ 150000/ 17505z | 9Twrs/ 149000/ 159455 | 9Tura/ 120020/ 133020 | 129425/12.720/ 130425 | 50408796520/ 159505
GCN (Ours) 62515/ 7.850s/ 5Ldsar 692141835011 50.2521 78s17/ 264520/ 315201 785171244550/ 2L a0 | T.8e0r /454 ow/m sm 7051369507/ 163524 | 12.1s15/212500/ 147525
BGCN 48213/ 48200/ 693200 4.6:17/48510/ 642200 na /na/n. TAers/ 190202 /30 9500 | Tdsre/164505/39. 0202 821465213/ 76520 4.6200/3.5200/ 134224
GCN-MCD 40207/ 4205/ 628120 4li10/5 na./na. /n. 63502/ 159120/ 416207 44200/ 89512/ 69500
§ GCN-DE 5.4213/5.3213/ 616220 5.6212/6.3014/ 58320 na./na./n. 8.0:20/ 16,1510/ 428530 X 83014/ 122418 /8.510
= GCN-Ens 4100/ 435081 62,7122 40207755505/ 60,0255 na/na./na. 6.dssa/ 132123/ 383001 6.7u00/ 54000/ 98120 4.6200/8.9212/ Tdurs
S GON-MCD#DE | 5.3200/5.5:02/ 614220 na /na /na 8.0:14/21 «“/zos 2o | 80s08/163500 /41501 | T6s10/ 72500/ 106225 T84/ 1117/ 7921
T SGON 233010/ 2507/ 406505 395 na/na/na. 3532100/ 4700100 /46,5117 | 3534100/ 19,6370/ 122507 | 38347.1/35. 4202/ 433082 | 4051101 /48.05125 /33 Lsas
S GPN 78124/ 88520/54 2200 na./na./na. Ts12/ 1272040154200 | 7012/ 104525/ 111 9.5213/89510/ 89212 43:0/85210/15.020
GCN (Ours) 41408 /53208 /600450 na /na./na. 62:11/23.1550/330021 | 62411/165422/410431 61408 /5620098110 540318055/ 7410,
BGCN 01653551 ATion/ 40207/ 66,0527 | 10810/ 160200/ 128500 | 108210/ 117200/ 302 100500/ 86210/ 49207 80200/ 46505/ 58510
GCN-MCD 14200/ 545520 42201/ 442071551217 7ds14l 187223/ 139225 70214/ 123527 /13 2000 134, 50200/ 49505/ 13 1200 642117128420/ 104520
. GCN-DE 7300/ TAs1n /51822 8.7u1a/ 88500/ 5L 109500/ 167227/ T600x | 109018/ 13.9202 /12,000 | 109508/ 254020/ 57. 420 | 8uns/90e00/152000 | 103220/ 162024/ 138520
2 GCN-Ens 4007/ 40507/ 542521 70140198220/ 15.0510 714/ 158520/ 106225 | 70014/ 323003/ 595002 | 52400/ 47201/ 130505 68210/12.9520/ 10822
£ GON-MCDDE | 7.2017/69504/ 51 50as .9 s 10,9421/ 16842/ 8,612 109020 /250025 /57. s | 8lura/87010/ 156020 | 10durr/ 155020/ 136524
S sGeN AT L1119 411359505 | BLbera /3190151 35 dinn | BT0s0s/ 452500/ 32,205 370215/ 212020/ 463220 | 357215/ 359010/ 48.Tuz0 | 3602147473015/ 453500
GPN 40/ 44500/ 576500 3di00/3dt0s) 621150 6011/ 116527/ 98120 hins 10000 /12800 | 6lis 1720001 68014 6.3014/6.141/ 6,601 5.6114/ 63010/ 62100
GCN (Ours) 41200/40500 /544122 44200/ 46200/ 549210 73210/19.3100/ 137224 T3:10/139s10/ 113000 | 7T.3410/359520/640215 |  5dsro/5lsnr/ 128507 6.0s10/12.8410/107220
BGCN 4821275002/ 96515 89ur2/86una/ EL04n na /na /na. 43015/83002/ 120005 | 4311/ 27 1eas/ 479001 | 119+57/12.8555/9500s 94s1a/43510/19.721
GCN-MCD 3345 27w12/ 28200 ] na./na./na. 402051129503/ 77520 | 40205/ 23dsos/ 46,951 26200/ 31s07/ 6.T520 2.9:205/10.9515/6.0:15
=~ GCN-DE 82 Tesz 26212/ 28512 na./na./n. 5.4s12/94531/8.0s0s 5.4s12/ 207420/ 48 Te20 L1/ 35601/ 60507 53507/ 110220/ 46213
2 GCN-Ens 18200/ 25500/ 835500 27u10/ 28200/ TL3e0a na/na./na. 39200/ 130000/ 82520 | 39504/ 22Ts10/ 455210 o0/ 3lirol 6,751 28200/ 111510/ 5821
Z GON-MCD#DE | 2.6211/3.0:212/ 829550 25500/ 28510/ T0.Ts1s na /na /na. 5900/ 10451/ 103000 | 59410/ DTs20/ 418120 44212/ 40212/ 65220 5.dsr/ 105522/ 47210
£ seeN 5. 85004091414/ 6 n.. na/na./na. 1650121257500/ 149000 | 165202/ 108007/ 353020 | 164000/ 13,6200/ 233008 | 19.1021/30.6123/ 12,6520
GPN 3. 142 2.0+09/ 2412/ T na. /na./na. 112.0£2.4/9. 1455 7:515.3415/8.4“5 4.1415/3. 7415/ 3.8+12/5.0420/ 14,4247
GCN (Ours) 20408 /255111834420 2Ta0nl 2800/ Tl dx1a na/na./na. 9105/ 128405/ 76128 10/ 224415/ 46,5510 28107/33400/ 68421 27407/ 111411/ 6,110
BGCN 40219739504/ 86.Tazs 25014/ 24202 826200 44110/87205/ 94202 44210/ 237005 /3005120 | 4dz10/31 5500/ 394202 43211/ 38210/ 45514 1650/ 28205/ 66510
2 GCN-MCD 38:00/ 49507/ T3 1124 44415/58410/ 109200 6.4410/25.9417/ 264527 | 6dsro/ 1130aa/ 124sss | 64410/22.9400/35.sar | 45010/ 30s08/ 13 4122 46204713 107/ 10.1412
£ GON-DE 540/ 6.7210/ 694220 9.0514/29. 115/ 28,6221 90504/ 13,7207/ 110500 | 90204/ 207203/ 326507 6 4 9.1u1s /173200 143500
E  GCN-Ens 37200/ 49504/ 73,0120 64204/26.0s00/ 271525 | 6dsoa/11 6.4s04/19.2500/ 308533 47205/ 13 1200/ 10,111
§  GON-MCD#DE | 5.4s11/6.520a/ 69422 .9 08:17/208410/ 286220 | 08415/13 98017/ 205507/ 326502 s 88:10/17. 114/ 13.Tu1s
£ SGON 328120/35.0010/ 96012 | 324sa0/ 308010/ A1 dirs T0s75/T0s72/ 68207 T0s75/ 63205/ 6250 T0s75/ 62451/ 5.4sa7 T5iaal TAsesl Tess 48202/5.0442/ 59500
£ GPN 119410/ 118422/ 612000 | A.Turs/6.0420/ 660000 | 164120/ 195017/ 204220 | 164120/ 194500/ 206025 | 16.4a20/ 17920/ 185020 | 194205/19.5500/ 169520 | 19404/ 155520/ 11.dsas
GCN (Ours) 37200/ 48407/ T3 4123 411 /5502 ) TLbsso 63200/ 25821/ 26.5522 63200/ 11dsa0/ 109500 | 6.3400/196530/309202 | 46513/ 31507/ 136510 4.5204/13.0:07/ 98514
¢ BGCN 27“,,/25“,4730‘@\ ol bir | Gdunod [SLuns ] (S0uinn | 6ura 12092/ 880010 6231/ 73523/ 78132 33100/ 36210/ 136527
2 GON-MCD o 207200/ 30,4517 1/ 22.4503 /19,652 1/ 16342 72410/ 44214019720 57500/ 133512/ 7415
£ GON-DE 7.3“:\/9917.‘ . 1is0/33.9:05/ 33800 Do B0 05 | T3] kst 287 98:14/16.4410/9.Ts10
£ GON-Ens 59118/ 792101568202 . 2 91s1n/ 137500/ 2350 | T6ire/ d620s/ 203507 5.700/ 134412/ 74210
< GCN-MCD+DE 81:22/10.3020/ 546500 | 122427/ 330010/ 325220 122427/ 180505/ 28,0200 102002 /16.000/0 5000
£ SGCN { 3364100/ 34,2102/ 2120 87400/ 89201 87205/ 67514 63201 069264172501
Z GPN 186508/ 18.Taas /48,0450 | 8.7210/ 109524/ 63, 19.2405/22802/ 243210 h 1900012075015 5 v | 10 Tora/ 1830011187000 | 35000 13.3500/6 0200
< GCN (Ours) 8.3407/8.8421/63.Tus0 G0urs /8510 566000 | 0040a/80200/8080rs | 001221220205/200005 | 90s041163004/28 2000 | TAsralddsnsl 195400 5.5400/ 133410/ 77018
" BGCN 1INM1/1H‘¢0\/17 Bxu 0.7403/ 08405/ 79.345.7 24510/ 61521 /80425 24410/ 11 Stu/lﬂlgu 24410/ 183450/ 224172 24406/ 20207/ 15504
£ GON-MCD 1903/ 22403/ 66,5521 38200/18 2420/ 19.Ts2z | 38s00/20 5210/ 2645 38s00/ 213403/ 36.Ts2s 23400/ 18505/ 86411
% GCN-DE 27505/ 30204/ 651520 64212/ 20.8425 /198200 64512/ 2062105/ 2T 5550 | 6dira/25.5507/302502 35507/ 30200/ 95510 800r 18 Ts0n ) 5800
E  GCN-Ens 19203/ 22403/ 66,6515 37208/ 216218/ 265500 | 375087193503/ 346520 22404/ 18204/ 86500 3920/ 62504/ 31205
5 GON-MCD+DE 27204130504/ 650220 65000/ 24420/ 2 1sen | 65010/ 24,00/ 38sas 70207189500/ 5.Tir0
£ SGeN 24 1u17/ 249207/ M50 388410/ 545520/ 534550 | 388s1n/ 135021/ 14, 20/ 48 412417/ 45.510/ 399510
g oN 1667500 5320715820/ 790227 1o 8.diia/ 12800/ 143010 | 8ds1a/ 124104/ 136 13.0:00/ 13000/ 120005 | 0ds0a/10.0207 /97200
GCN (Ours) 26207/ 292071676510 20:0/ 22203/ 665210 37510/ 1792051192550 | 37sr0f 20 dsan /265514 | 3710/ 202404/ 35400 23s00/ 18205/ 8,621 40204/ 6250531205
BGCN 302041255051 67.0504 Ldsos/ 12200/ 69,65 37500/ 107524/ 177520 37100/ 14, 3710012554741 335400 wsm 1325050 20507 13003/ 23504/ 40205
“ GCN-MCD S. 734611/ 47.5422 42504/ 49205/ 52.1421 6.0200/31.5414/40.2517 6.0400/ 32, 6.0409/30.9415/54. 1415 05/ 123412 5.340.4/11.5206/9.6106
& GON-DE 92012/ 113414/ 433420 R 0 | B0 B0 B0 | U2 B0 BT | 1 S s | Saea T Moo | 130ma 1WA
£ GCN-Ens 55200/ TAs10/ 4T.1ers 42405/ 482031522408 6.1i00/ 317215/ 40.6502 | 6.1uoo/33.4220/39.2500 | 6.1i0n/ 236512/ 451500 2i00/ 121514 55204/ 117505/ 1
S GON-MCDDE | 91:12/10.9:105/43950z | TAvos/80s0x/ 486500 | 128004/ 363217/30520r | 128414/ 36.2 12,8414/ 262410/ 44,4210 Tero/ 16,0500 | 123508/ 170610/ 1475100
g SGCN 2062106 /19.82104/ 101200 | 22,0510/ 2L dsren/ 10,1500 i/ ddses /4350 660/ 4. 6.620x/ 2651812, 7720/ 6305542000
© GPN 18,0222/ 19.5225 /49,3507 | 10.0010/20 3007/ 46.2500 | 14Te01/ 206502/ 262200 | 14T227/205020/ 200051 | 147227/ 200500/ 2 /22 1.601/9.9+15/ 106258
GCN (Ours) 55510/ 73412/ 473520 4.3204/5.0s0.4/ 519521 59110/ 316510/ 400512 ,n/szsm/xes“. 1.0/ 30,622/ 54 5i0s/3.250 /12,214 5.5+05/ 117400/ 9.9200

Table 20:

distribution shift in an inductive setting (best and runner-up).

ECE (]) for different backbones on clean data as well as i.d. and o0.0.d. nodes after a
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Figure 8: 0.0.d. detection AUC of different diffusion operators on Leave-out-Classes (top), N(0,1)
(middle) and homophily (bottom) shifts.
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Model C (las) LoC (heterophilic) Ber(p) (near) . V(0. 1) (fur) Page Rank Homophily
Clean /1.d. / 0.0.D. Cleanlld/()ab Clean/1.d. / 0.0.D. Clean/1d. / 0.0.D. Clean/1.d. / 0.0.D. Clean /1.d. / 0.0.D. Clean/1d. / 0.0.D.
BGCN 97215/ 83500/ 89203 07000/ 117200/ 2000120 | 97215/530200/ 610300 | 1Lbers/ 1Ldsss /89510 . /166200
GCN-MCD 8.4s10/ 203424/ 223504 8.4:13/20.0520/ 168201 | 8.dsra/d8.7200/ 67, 73520/ 73520/ 148224 93014/ 9.3414/ 0211
_  GCN-DE 151520/ 24340/ 179220 151425/ 383400/ 59.5 120000/ 126500/ 193020 | 1924020/ 19722/ 116525
S GON-Ens 9.0s07/21.1524/23.0:20 : 90207/ 455200/ 638231 Tdsis) TAna/ 14.Ts10 94214/ 9ds14/ T 1s10
£ GON-MCD+DE 5.6:20/23.Tx00/ 183501 | 15.6420/ 210805/ 138227 1dizn/ 119500/ 176520 | 194122/ 18,7420/ 12,0520
O SGCN 27-&“‘/2) 5/ 24655 103/ 27 a2/ 2002100 | 27 Asins/ 113500/ 230500 | 4 49,6221/ 49,6521/ 38,042
GPN 10/ 14120/ 13010 22000/ 15,0400/ 132500 | 122410/ 124210/ 106505 10,021/ 10.0401 /86515
GCN (Ours) 5941215901/ 568528 it 210/ 204527/ 223520 8,514/ 205430/ 183503 140/49 8221/ 68,6232 9.6215/9.6:15/ 75510
BGCN /4008 TG na./na./na. 6.4s10/ 148207/ 24.0500 21216202/ 43,700 32:07/33207/15.3220
s GCN-MCD 4 na/na /na. 64517/ 175521/ 253524 ds17/ 202527 /45,7201 5.0:07/5.0s07/ 108510
3 GON-DE /na./na. 81liie/ 18412/ 227000 | 8lurn/ 179504/ d1Ts0n T.Tsra) 80502/ 86010
= GCN-Ens . /na./na. 6.8:17/18.0017/26300 | 68517/ 174200/ 458225 4.9:05/49205 /108210
S GCN-MCD+DE na./na. /na. Bdios/ 180420/ 22302s | 8dare/ 178400/ 429507 T8e1a/ 8050487521
2 SGCN 2 na/na /na. 36.32015/43.30102 /4162170 | 3634110/ 178570/ 1220040 42,6515/ 42,615/ 30,6521
S GPN 0164210/ 568500 . / 89207/ 100122/ 113527 89:15/9.5017/ 934 i 07202/ 9.To02/ 88521
GCN (Ours) 4.2+00/ 42400/ 644125 $6002 /460017650000 Ta1a/ 182421/ 270524 | 67210/188200/ 432500 5.9:15/59:10/ 105525 | 5.0s00/5.0s00/ 10,7517
BGCN 8.dsva/8Asna/ 664220 40100/ 39507/ TL 1102 8610/ 85505/ 12,5520 8.6:00/13.3:00/20.050s | 86510/ 378205/ 532505 8.0200/ 79510/ 54512 5.dirol5dins/ 85urs
GCN-MCD 38:00/ 38500/ 54415 5 5 5.605/ 92515/ 8 1e1s 5.6:05/ 84517/ 104sa7 5.6205/ 40,5420/ 689525 5 5 5.1s11/5.111/5.T50n
- GON-DE 69212/ 71210/ 508220 93200/ 10.8:20 /8,020 03214/ 98420/ 140475 93214/ 28100/ 58312 100515/ 10,115/ 77504
2 GCN-Ens 39200139200/ 539514 6.0205/9.0:10/ 88518 6.0208/9.4s25/ 115525 6.0:20/38.3420/ 633410 50401750510/ 5.T207
£ GON-MCD+DE Kore/ 8700/ 312001 88205/ 10.3021 /8,10 88215/9.302/ 12,8501 6. 103517/ 10.2:20/ 8250
T sGen 20.6210/29.6510/ 370501 | 380510/ 408220/302e20 | 38.0s10/ 408504/ 291470 39.2422/39.2022/ 372004
GPN o/ 324001 66,7207 48210/ 7051817 820 Lo 4.7500/87500 /5,020
GCN (Ours) 5211 /52411 /58822 5.5:10/926013 /84010 5 mlsxmlulm 5.1410/5. 1410/ 5.4s08
BGCN X 102600/10.2000/ 90,2520 n. 124500/ 124500/ 8.4 5.6517/5.7017/21 3502
GCN-MCD 2ds00) 2de0 0833510 22205/ 22505/ T1.2250 n 9 ,14/57“5 33200/ 33200/ 86515
= GCN-DE 32“”/%1 /820215 2340 n. 4521a s/ 6.1x00 43410/ 42500/ 7.
2 GCN-Ens 0/ 23505 /833015 n 17,0”/39,“/54,‘9
% GON-MCD+DE 34:,,/3 511 /808221 n. 5.0200/8 ias 9,450 A1iin
£ SGCN 17103411/ 749210 ol 69. n 18101012 0ara /186087 | 181010/ 14or e/ 3,601 146“4145“7/244 o | 21 220k e 63
GPN 00/ 45500/ 80821 3.0212/3.050/ 782202 n. 41e0r) 69520 8.T204 41e17/ 48201/ 49220 - BVEY N 48214/ 4.8010/ 112200
GCN (Ours) 23:00/23400/83.3510 23400/2.3s00/ TT.5427 n 39:08/88sa7/84ssa 3.9:08/294420/ 50241 zumxumgAM 28211/28411 /143422
BGCN 3520012 19202/ 19204/ 849570 42210/ 575100 61210 42200/ 2362104/ 31.02100 33200/ 35500/ 58210 13504/ 13204/ 108220
2 GCN-MCD 36200/ 3.6 42412/ 42412/ 722205 57413021 Ts24/ 22 Ts2 57413198501 /15 8201 . 4.0s00/ 40405/ 176210 5.6:00/5.6500/3.0510
£ GON-DE 64205 /6250 / 69,127 86510/ 25,5550/ 25.4s20 8.621.0/ 89530/ 114202 86510/ 218207/ 33.Tsas 64205/ 64200 /18,9220 90500/ 8.9207/ 51508
E  GCN-Ens 4deial 442l TL8sns 5.9:11/22.0422/ 231420 59211793424/ 16.0555 592111202427/ 331431 43200/ 43200/ 17. 7200 5.6:0.4/ 56501/ 49201
§  GON-MCD+DE 6.3200/ 64550/ 68. 83u10/ 249550/ 249525 8.3215/ 89505/ 118100 83510/ 24320/ 349500 5.9:13/6.0:02/18 5200 212/93512/ 53500
£ SGCN 321212/ 321510/ 6 63004/ 60502 6107/ 55508/ 5.320s ElouriBensidBims | Burnal Bburmal BT iz 214/ 55204/ 0200
£ GPN -1 Lis 56212056512/ 65,6200 | 18.0s20/ 194200/ 196500 | 18.0520/19.650s/ 19,7000 | 18.1s20/ 179500/ 18,0200 183514/ 18,3514/ 16452
GCN (Ours) 3 m/ssmnum 4deia 4400/ TLT20r 57410/ 218420/ 230522 57410/9.2420/15 3208 57210/ 213208/ 33, 55500155200/ 51010
2 BGCN 53i10/5300s/ 763200 32:01/32001/ 75500 7022/ 95500/ 1020 TWs22/ 2 dine) Wdiizs | T0s22/ 249202/ 364227 12500 30207/ 30200/ 154220
£ GCN-MCD 86132/ 86552/ 615:70 58412/ 58512/ 606500 7.9:1.4/ 27 2410/ 288510 79010/ 159400/ 160402 | 79414/ 18.0:20/ 308507 $115/26. 1420 8.0:11/8.0:11/ T Ts0s
£ GON-DE ToernlThure /5T 8emn | 106001209000/ 20000 | 1060s/ 17.00me/ 1dsrs | 106001/ 19.9000/ 8L 1ses | 79000/ 8000/ dins | 10.9000/ 10000/ 680
£ GCN-Ens 55010055510/ 613100 7751802714131 29.0510 774130163431/ 159520 | 7.7:13/19.9:50/ 295500 6.0:11/6.0511/26.6517 8.0:01/8.0:07/ 76500
S GCN-MCD+DE 6. 10.1520/29.0522/ 294000 | 10.0ux0/ 16.800s/ 142501 | 100sa0/ 18.7202/30.2000 | T850a/8.0004/256500 | 109521/ 10.9520/ 67210
§ SGCN 1280ne/ (29001 30unr | 128unn/1290r/Llans | 128s0a) 13002/ 10840z | 108002/ 06sna ! Lluny | OTura[0Tura /02000
£ GPN 9 201507/ 22.8500/ 24550 | 20.0u07/223520/ 239000 | 20.1s07/20.Ts20/ 17.9520 /179520 179500/ 17,9500/ 114530
< GCN (Ours) 8.2427/8.2427/ 618175 12/ 554120 614102 775151 26.T418/ 287017 774150164432/ 16 1420 | 7.7515/18.1500/ 30152 62500762508/ 26952s || TTs0s 770 T 8200
., BGCN 10504/ 10205 /80 152s 0.0/ 08503 /837255 22007139515/ 22007/ Blara/ Bdnns | 2. 174205/ 20.820s 650/ Lbsos/ Llioa/ 12204/ 35507
% GCN-MCD 26405/ 2,605/ 70.0. 22403122103/ TL1sse 30001/ 14.7015/16. 2025 | 30:07/ 177512/ 204425 | 30207/20.9417/ 368510 24505/ 242059 Te1n 3900139100/ Ldsas
% GCN-DE . 1314051690153 46200/ 158500/ 147500 | 46500/ 193000 /20505 | 46s00/25.6:17/393500 55507/ 55007/ 20505
Z  GCN-Ens 26t00l 261001701 11n 3ls04/ 147005/ 166122 | Blos/178+07/20950z | B3da04/204110/35.240s 24503/ 24203196100 390539105/ Ldzaa
£ GON-MCD#DE | 3.5:00/3.5500/68.620 48200/ 163005/ 15.4sss | 48505/19.7002/20.000r | 48505/ 25.5510/39.9500 55505/ 55007/ 21500
2 SGON 231213/ 23 1010/ 488507 383415/53.5011/525520 | 38.3415/535020/51 2082 | 383n15/15.202/ 146510 3 3 39.0421/39.0021/ 34ds1s
g GN 92201/ 9240/ 652223 5. 5. 115200/ 1325006/ 15,5222 S0/ 113002/ 127500 | 1015200/ 1L1sos/ 123000 | 123:2/12.3: 112500/ 112200/ 10350
GCN (Ours) 26500/ 2,600/ T0.0s2.0 22402022102/ TL0sas 29405/ 14.6412/16 225 9105/ 17,6411 /20 6420 | 29205/21.2011/37 1220 24205/ 24205196211 39+00/ 39400/ 13202
BGCN 22004/ 20504/ 69.8400 13500/ 13205/ 72,9501 26200/ 70510/ 123221 6205/ 15,6205/ 1972150 Ssos/ 24204/ 19205 15205/ 15205/ 47207
» GCN-MCD 43105/ 4340557 2032 54200/ 28,9001 /32612 54400/ 241520/ 29. 150 46208/ 46505 /145500 6240516220513 9205
¢ GCN-DE T9s05/ TTe0s) 52,6227 | 103200/20.6515/332500 | 103500/20.6225/26.2004 75205/ 75500/ 1 108500/ 10,8205/ 5510
5 GON-Ens ol 43100/ 43403757 1120 55000/ 243504/ 3 1s00 | 55504/ 248417/30.501 46204/ 4650/ 146210 62402162402/ 38200
£ GONMCDADE | 04014/ 0.40 /456000 77207/ 620/ 53.02 10,1500/ 293501 / 32,92 10,1500/ 206521/ 277500 75210/ T8200/ 172200 1uxﬂ,~/1usﬂ,(/7,w<,
£ SGCN 1894100/ 1895108/ 104510 | 20.34122/20.32102/ 10, 86270/ 64150/ 5,551 862 w/um,/wm. 9100/ 9.1uns/ 9200 e/ 56550
© GPN 194515/ 194505/ 49 201215/ 20,1215/ 446527 | 20.Ti10/ 22,622/ 23,85 20.7510/20.610 22,0504/ 22.0504/ 191500 | 21 u,,/n Tirs/ 182420
GCN (Ours) o1525101 534400 1|17 A3k0al4350415T 2500 EE TRV Er Tl T ETC T 2ol It Yy E Yo 45405/ 45405/ 14,6512 6240416240430

Table 21:

ECE (]) for different backbones on
distribution shift in a transductive setting (best and runner-up).

https://doi.org/10.52202/079017-1084

clean data as well as i.d.

34415

and o0.0.d. nodes after



Model

LoC (last)
Clean/1d. / 0.0.D,

LoC (heterophilic)

Clean /1d. / 0.0.D.

Ber(p) (near
Clean/1.d. /0.0.D.

Ber(0.5)
Clean/Ld. / 0.0.D,

N, 1) (ar)
Clean/1d./0.0.D.

Page Rank
Clean/1d. / 0.0.D.

Homophily
Clean/1.d. / 0.0.D.

BGCN
GCN-MCD
GCN-DE
GCN-Ens
GCN-MCD+DE
SGCN

CoraML

GPN
GCN (Ours)

017500/ 0.1610 ()/l 59500

015400/ 0.1520.0/ 140200
021+n()/021w4)/| 36+0.0
015400/ 015200/ 139100

0.2120.0/0.2150.0/ 1.3620.0
0.31200/0.33200/ 127500
017200/ 017200/ 1.42200
015200/ 0.15200/ 140200

0.23200/0.23200/ 1.5T 01
20200/ 0.21 200/ 1.38200
0.28+00/0.29+00/1.3540.0
0.20200/0.20100/ 1.
0.2820.0/0.2920.0/ 135400
0.30200/0.32400/ 1.27 100
0.22:00/0.2220.0/ 14000
0.2020.0/0.21 500/ 1.39200

0.4020.0/0.3910.0/ 047 0.0
0 35500/ 0.43200/0.53200
0.44+00/0.53+0.0/0.66+0.0
0.35200/ 042400/ 0.53200
0.4420.0/0.53£0.0/0.66+0.0
0.80:0.1/0.82401/0.84200

0.40200/0.3720.0/ 038200
0.35200/0.42400/0.53200

0.40200/0.560.1/0.730.1
O 352001/ 0.

o0l

O.'

400/ 0.5
0.80501/0.83501/0.84100
0.40:0.0/0.3820.0 / 0.
0.3520.0/ 043400/ 0.

0.40:00/ 118201/ 1.3010.0
0.35200/1.09:200/ 141200
0.44+00/1.02400/1.31 400
0.35500/ 1.0820.0/ 1.34200
0.44+00/1.07T20.0/1.30+0.0
0.800./0.860.0/ 0.9
0.40£0.0/0.3620.0/ 0..
0.35200/1.1240.0/ 1.40+0.0

0.32:00/0.3150.0/0.32:00

033200/ 0.3220.0/ 0. 33 o0
0.26200/0.25400/0.31200

017200/ 011200/ 0.42:00
01700/ 0.17200/ 045100
0.29+0.0/0.29+0.0/0.55+0.0
017100/ 0.1720.0/ 045100
0.2920.0/0.2920.0/ 0.54x0.0
0.53200/0.58500/0.72:00
017200/ 0.2620.1/0.6320.1
0.17+0.0/0.1720.0/ 045400

BGCN
GCN-MCD
GCN-DE
GCN-Ens
GCN-MCD+DE
SGCN

CoraML LLM

GPN
GCN (Ours)

0/ 15900
0/ 151500

0.14200/0.14200/ 1.51 20,0
017500/ 017400/ 1.
0.2420.0/0.26+0.0/ 1.
01500/ 0.1650.0/ 147+

0.14:00/ 014200/ 151500

0 1600/ 0.16200/1
5500/ 016500/ 14920
D.lgfnu 1018200/ 146200
015200/ 0.16500/ 1.4820:
0.18200/0.19:00/ 1.
0.270.0/0.2820.0/ 1..
0.18+0.0/0.18+00/ 142400
015400/ 0.16+0.0/ 1.4840.1

na. /na./na.
na./na./na.
na./na./na

na./na. /na.

0.32400/0.3420.0/ 045200
0.32500/0.35500/ 04700
D ’5510 0/0.40£00/0.

0 Jm/n.i‘um,/u.ﬁsm,
0.60+0.1/0.T1x0.1/ 0.7650.0
0.34+00/0.32+00/0.35+0.0
).3240.0/0.36+0.0/ 0.47+0.0

0.32+00/0.7220.0/1.06+0.0
0.32:00/0.74200/ 11050
35200/ 0.75200/ 113200
+0.0/0.71200/ 1.0420.1
200/ 075200/ 110201
0 60201 /0.78+0.0/ 0.87 0.0
0.34+0.0/0.31200/0.3d00
0.32200/0.7650.0/ 1.09:+0.0

0.230.0/0.2320.0/0.26+0.0
0.2310.0/( 00702700
0.26200/0.2550.0/ 031200
0.23:00/0.22400/0.27 400
0.26:0.0/0.2550.0/ 0.
0.48+0.1/0.45+0. /0.58=0.1
0.28+0.0/0.2T+0.0/0.30+0.0
0.2340.0/0.2240.0/0.2720.0

0.140.0/0.0820.0/ 0.43+0.0
0.14:00/0.09:0.0/ 0.40 0.0
017200/ 015500/ 0.43200
0.1320.0/0.09+0.0/ 0.4020.0
017200/ 0.15500/0.43200
0.4820.2/0.5320.1 / 0.6T+0.1
0.13:00/0.2140.1 /061401
0.14400/0.10£00/ 040100

BGCN
GCN-MCD
GCN-DE
GCN-Ens
GCN-MCD+DE
SGCN

Citeseer

GPN
GCN (Ours)

0.23500/0.23500/ 15400
0.2240.0/0.22200/ 143500
0.28+0.0/0.28+00/ 1. 40*»4;
0.22:00/
0.28:0.0/ 0. 78*./ o / 1. Nu 0
033100/ 0.33
0.21200/0.21=
0.22+0.0/0.22400/ 1. 42+nn

30200/ 030200/ 1.28100
013200/ 0.1320.0/ 1.50200
0.15:00/0.15200/ 143400

6200/ 0.41200/0.61200
0.3420.0/ 041500/ 0.60+0.0
[\ 40+00/0.4T+00/0.7T1200

0.33200/0.32200/ 043200
0.34x00/ 041400/ 0.60:00

610 0.1/ 0.87 200
0. 3-hn ol 0 46+0.0/0.7101
0.40+0.0/0.50+0.0/ 0.75
0.3410.0/ 043200/ 0.
0.40+0.0/0.4920.0/ 0.74501
0.53200/0.65500/0.74200
0.33:200/ 033201/ 0.47 202
0.3420.0/0.44100/ 0.69+01

G200/ 0.98200/ 1.
4500/ 0.9720.1/1.39+

0.40+00/0.87+00/1.30+0.0
0.3400/0.95200/ 1.32:00
0.40:0.0/0.8640.0/1.30+00
0.53200/0.89500/ 1.17200
0.33200/0.27200/0.3200
0.34:00/0.99200/ 13800

oo

0.33400/0.30200/ 024200
0.3120.0/0.28+0.0/0.2620.0
0.36+0.0/0.34+00/0.34200
0.31200/0.28500/ 025500
0.36+0.0/0.34500/0.34200
047200/ 045500/ 0.54200
0.31200/0.280.0/ 020200
0.31200/0.28400/0.25+00

0.33400/0.2220.0/ 029100

200/ 0.2420.0/0.29+0.0
0.37+0.0/0.32+00/0.3T+00
0.32:00/ 024500/ 029200
0.36:0.0/0.32+00/0.3640.0
0.51500/0.52400/0.5550.0
0.31200/ 020200/ 0.28200
0.32+00/0.24200/0.30400

o

BGCN
GCN-MCD
GCN-DE
GCN-Ens
GCN-MCD+DE
SGCN

GPN

GCN (Ours)

PubMed

0.1340.0/0.13 200/ 191400
0.12:00/ 012400/ 1.76 100
012200/ 012500/ 1.76200
012100/ 012200/ 177400
012500/ 013500/ 176200
0.1320.0/0.1450.0/ 1.660.0
011100/ 012500/ 1.75200
012400/ 0.1220.0 / 177200

0.29:01/0.2920.1 /1. 7601

0.22:00/0.22400/ 167200
0.26:00/0.2620.0/ 163500

na. /na./na.
na./na./n.

na. /na./n.

0.33200/0.40200/ 057401
0.33200/ 039200/ 052200
0.36200/0.41500/0.59200
0.33:00/ 038200/ 0.5200
0.36200/0.41500/ 0.600.4
0.37+0.0/0.4520.0/ 054500
0.33200/0.36100/ 04600
0.33+0.0/0.3920.0/ 0.52+0.0

0.33:00/0.76:00/1.06:00
3200/ 072200/ 104200
0 36+0.0/0.7120.0/1.07 0.0
).33400/0.71200/ 1.0220.0
0.3620.0/0.70200/ 1.0620.0
0.37200/0.65200/0.91200
0.33500/0.31200/0.36:00
0.330.0/0.7220.0/ 1.03+0.0

0.360.1/0.37+0./0.34
400/ 0.31100/0.
0 33400/ 0.330.0/0.3420.0
030500/ 0.31 500/ 0.31 200
0.3320.0/0.3320.0/0.34200
0.3320.0/0.3240.0/0.3720.0
0.29:00/0.29100/ 028100
0.31400/0.310.0/ 031200

0.2740.0/0.1920.0/0.5040.0
25500/ 0.2020.0 / 043200
0.2820.0/0.2520.0/ 043500
0.2520.0/0.20. X
0.28200/0.25500/ 0.4420.0
0.300.0/0.3320.0/ 045500
021200/ 0.22501/0.52101
0.25+0.0/0.2050.0/0.4320.0

BGCN

GCN-Ens
GCN-MCD+DE
SGCN

Amazon Photo

GPN
GCN (Ours)

0.13:20.0/0.1320.0/ 181200
0.1220.0/0.1320.0/ 1.6220.0
0.13500/0.14500/ 15700
012200/ 013200/ 162200
0.14+0.0/0.14+00/ 1.57-

0.2810.0/0.3010.0/ 1.
0.2020.0/0.20£0.0 / 1.47.

0.12:0.0/0.13200/1.62:0.0

0.07200/0.07200/ 17520
0.090.0/0.0920.0/1.59+01
0.10200/0.10200/ 1.55

0.0820.0/ 009400/ 1.
0.10+00/0.1020.0/ 155401
0.25500/0.27500/ 1.28100
0.100.0/0.1120.0/ 15240,
0.08:0.0/0.0940.0/ 16001

007200/ 027501/ 0.34 0.4
0.1720.0/0.28+0.0/0.35200
0.19:0.0/0.3240.0/ 040200
017200/ 0.28200/ 034200
0.20+00/0.33400/0.41400
0.87200/0.87200/0.87200
0.27+0.0/0.2820.0/0.320.0
0.17200/0.28400/0.34500

0172007065202/ 0.76 0.2
0.17+0.0/0.4820.1/ 0.5T <01
0.19:0.0/ 046501/ 0.55 50,
017200/ 047201/ 056201
0.20+0.0/0.47 0.1/ 056401
0.87200/0.87100/0.8700
0.27+0.0/ 02800/ 0.
017200/ 04701 /0.5650.1

017200/ 0.8920.0/ 1.02200
0.1700/ 086200/ 1.1
0.19:00/0.85200/ 1.00:0.1
017200/ 0.8320.1/0.98:00
0.2000/0.85+01/1.00+0.0
0.87200/0.87100/ 087200
0.27+0.0/0.2720.0/0.30+0.0
017200/ 081500/ 0.96200

0.15500/0.13200/ 0.18100
013200/ 012200/ 023200
0.15:00/ 013100/ 0.25200
013200/ 0.12200/ 023200
0.14+0.0/0.13+00/0.25200
0.8810.0/0.8810.0/0.88200
0.26+0.0/0.2550.0/0.2820.0
0.14200/0.12400/0.23500

0.04200/ 005200/ 0.27200
0.05+0.0/0.0820.0/0.26£0.0
0.07200/0.10£00/0.29:0.0
0.0550.0/0.08£00/0.26:00
0.07+0.0/0.1020.0/0.29+0.0
0.87200/0.87100/0.88100
0.0450.0/0.17+0.0/ 0.41 0.1
0.05:00/0.0820.0/ 0.2610.0

BGCN
GCN-MCD
GCN-DE
GCN-Ens
GCN-MCD+DE
SGCN

Amazon Computers

GPN
GCN (Ours)

0.24401/0.24101 / 1.65401
0.2010.0/ 020200/ 1.51 40
0.2140.0/0.21200/ 146500
0.20:00/ 020200/ 151500
0.21200/0.2L500/ 146200
0.7720.1/ 0.7T+01 / 117 200
0.26:0.0/0.2610.0/ 1.34200
0.20+0.0/0.2020.0 / 1.500.1

01100/ 011400/ 1.6301
001200/ 012500/ Lddsos
0.1220.0/0.13 200/ 141501
011500/ 0.12400/ 1.
012200/ 0.13200/ 142501
0.69+0.2/0.70202/ 11800
0.11200/0.12500/ 1.48204
0.11200/0.1220.0/ 14401

0.33:00/0.39401/0.43:01
031100/ 042400/ 047200
0.34200/ 047200/ 0.5200
031100/ 042400/ 047200
0.34200/0.4720.0/0.
0 90+0.0/0.90+0.0/0.90=0.

o 10824001 046000
0.0/ 043500/ 0.470.0

200

0.33+0.0/0.56+02 /064402
0.31200/0.54501/0.600.4
0.3420.0/0.5520.1 1 0.620.1
0.31:00/0.54501/0.6010.1
0.34200/0.5450.1/0.61204
0 90200/ 0.90+00/0.90+0.0
0.4L201/ 042201/ 045501
).3220.0/0.5420.1/0.6020.1

0.33+00/0.95201 /109401
0.31400/0.85200/0.99200
0.34200/0.9020.0/1.0140.0
031200/ 081100/ 0.94200
0.3420.0/0.90200/ 1.01 200
0.900.0/0.9020.0/ 090400
0.41501/ 041101/ 0.

0.32200/0.8650.0/ 1.1 0010 0

0.32+00/0.31400/0.33100
0.29:400/0.2710.0/ 036100
0.3020.0/0.28+0.0/0.3820.0
0.29:00/0.2740.0/0.36 100
0.3020.0/0.280.0/ 038200
0901\)n/090ﬂw)/090 0.0
0.36200/0.37200
u 29e0 o/ 0.27:00/ 036200

0.1440.0/0.1620.0/0.46 100
0.14500/0.18500/ 042100
0.170.0/0.2020.0/ 0.4350.0
014100/ 0.1820.0/ 0.4200
017200/ 0.20200/ 0.43200
0.90+0.0/0.9020.0/0.90+0.0
011200/ 0.32501/0.5420.1
0.1420.0/0.1820.0/ 0.42+0.0

BGCN
GCN-MCD
GCN-DE
GCN-Ens
GCN-MCD+DE
SGCN

Coauthor Physics

GPN
GCN (Ours)

0.05200/ 005200/ 169200

0.06500/ 006200/ 1.
0.05200/ 005200/ 1.560.0
0.060.0/0.0610.0/ 1.55+0.0
016200/ 016500/ 1.38500
0.07+0.0/0.0720.0/1.5640.0
0.05100/0.05200/ 156100

0.03200/0.03500/ 1.
0.0300/0.03:00/1.
0.03200/0.03200/ 1.
0.03200/0.03200/1
0.03+0.0/0.03+00/ 1.
0.13200/ 01400/ 1.
0.0400/0.04200/ 1.4 G&n o
0.03:00/0.03100/ 1.

0.13200/0.1320.0/ 018200
013200/ 017400/ 0.24200
0.14200/0.2110.0/0.30200
0.12200/ 017400/ 0.2420.0
0.14100/0.21400/0.30+0.0
0.34200/0.520.0/ 0.5T00
0.16:0.0/0.1640.0/0.1910.0
012400/ 0.1720.0/ 0.24200

0.13200/0.2820.1/ 0.41204
0.13200/0.21400/0.2910.0
0.14500/0.25500/0.3520.0
0.1220.0/0.2140.0/ 0.2820.0
0.1400/0.24+00/ 034100
0.34500/0.56500/0.61500
0.16:0.0/0.15400 /0. 17,4,»
012200/ 021500/ 0.

0.130.0/0.8520.1/ 0.89+0.1
013200/ 075201 /097400
0.14200/0.83201/ 1.02201
0.1220.0/ 073201 /0.9320.0
U l4mo/081mn/l 00+0.0

01614;»/!)1 0.0/ 0.17 200
012400/ 073200/ 0.94200

010200/ 0.09200/0.12200
0.10:00/0.09+00/0.1410.0
0.11200/0.1020.0/ 015200
010200/ 0.09z00/ 014200
01100/ 0.1050.0/ 015200
0.29:00/0.2610.0/ 043200
0.14200/0.13400/0.1720.0
0.1020.0/0.09100/0.14500

0.03200/0.02200/0.160.0
0.0420.0/ 003400/ 0.1620.0
0.05200/0.05500/0.17200
0.0400/0.03200/ 015200
0.05+0.0/0.05+00/0.17+0.0
0.28:00/0.31500/0.39:00
0.02:00/0.18202/0.3640.2
0.04:00/0.03200/0.1620.0

BGCN
GCN-MCD
GCN-DE
GCN-Ens
GCN-MCD+DE
SGCN

Coauthor-CS

GPN
GCN (Ours)

0.14:0.0/0.1450.0 / 155400
013200/ 013200/ 134100
0.1520.0/ 016400/ 1.30 0.0
0.13:00/0.13200/ 133100
0.15200/ 016500/ 1.30200
0.90:0.0/0.90+00/ 110100
0.24500/0.25500/ 1.34200
0.13200/0.1320.0/ 1.33 0.0

0.0840.0/0.080.0/ 1.58 0.0
0.08200/0.08500/ 1.
0.1000/ 010200/ 1.;
0.08:00/0.0810.0/1.37
0.10200/0.10200/ 1.33200
0.900.0/0.9020.0/ 1.10+0.0
0.18200/0.19400/ 1.31200
0.08£0.0/0.0820.0/1.3T20.0

0.17+00/0.17+0.0/0.28+0.0
016200/ 028500/ 0.43
0.2020.0/0.34500/0.53200
0.16:0.0/0.27 100/ 0.4220.0
0.2020.0/0.3550.0/0.5320.0
0.93+00/0.93+00/0.93200
0.30200/0.31200/0.36 200
0.16200/0.28+00/0.43200

0.17+0.0/0.39+0.0/ 0.63+01
0162007031500/ 049100
0.20+0.0/ 0.4020.0/ 0.60+0.0
016200/ 031200/ 0.48200
0.20200/0.40£0.0/ 0.600.0
0.93+0.0/0.93+00/ 093400
0.30£00/0.29200/ 034100
0.1620.0/0.3240.0/0.4920.0

0.17+00/1.02:0.1 /112401
016200/ 1.02:0.0/ 1.32:00
0.2000/0.9720.0/1.2040.0
016100/ 0.95200/ 1.21100
0.200.0/0.9920.0/1.2240.0
0.9340.0/0.9320.0 /0.
0.30400/0.29:20./ 0.3420
016200/ 1.0120.0/1.32+0.0

0.15+00/0.13200/0.14100
01400/ 0.12500/ 0.16 0.0
017200/ 0.15400/0.190.0
0.14100/0.12400/ 015100
017200/ 0.1550.0/ 018200
0.93+0.0/0.93+00/0.93200
0.31200/0.280.0/0.29200
004200/ 012400/ 0.1520.0

+0.0/0.03+0.0/ 0.2320.0
04500/ 0.05200 /023100
0.08:0.0/0.0920.0/0.28+0.0
0.04500/0.05500/0.23 00
0.07+0.0/0.0920.0/ 0.27+0.0
0.93+00/0.93+00/0.93+00
0.03200/ 033201/ 0.5820.
0.0420.0/0.0520.0/ 0.2450.0

s

Table 22: Brier score (J.) for different backbones on clean data as well as i.d. and o0.0.d.
distribution shift in an inductive setting (best and runner-up).
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nodes after a



Model

LoC (las.
Clean /1d. / O.0.D.

LoC (hete
Clean /1d./0.0.D.

philic)

Ber(p) (1
Clean/1d. /0.0.D.

Ber(0.5)
Clean/1Ld. / 0.0.D.

Clean/1d./0.0.D.

Page Rank
Clean/1d. / O.0.D.

Homophily
Clean/1Ld. / 0.0.D.

BGCN
GCN-MCD
GCN-DE
GCN-Ens
GCN-MCD+DE
SGCN

CoraML.

GPN
GCN (Ours)

017500/ 017200/ 1.66200

0.1 145200
021200/ 02Le00/ 139200
015200/ 015200/ 145500

0.20+0.0/0.200.0/1.39+0.0
0.27200/0.2720.0/ 1. .hw o
016200/ 0.1
0.1540.0 /0.1 —un/l-lawn

0.27204/0.27501/ 1.6610.0
0.22:00/ 022500/ 1.42.
0.29:00/0.29500/ 1.37:00
0.22:00/0.22200/ 142200
0.3000/0.29200/1.38+0.0
0.28200/0.28100/ 1.30200
0.23200/0.2320.0/ 141400
022400/ 0.22400/ 1.42200

U 2) 0.0/ 033100/ 046100

0.27 00/ 0.36200/0.50200
u. 00/ 045500/ 0.63z00
0.2740.0/ 0.3620.0 / 0.5020.0
0.35+0.0/0.46500/0.64200
0.70202/0.77201 /080201
0.32:00/0.33200/ 039200
0.27400/0.36100/0.51+00

0.29500/0.47 504/ 0.TL02
0.27:00/0.3620.0/ 0.5220.0
200/ 048100/ 065500
200/ 0.3T200/ 051200
0.35+0.0/0.48+0.0/ 0.66+0.0
0.70202/0.7750.1/ 0.8020.4
0.32:00/ 034200/ 041501

0.27:00/ 036200/ 0.51 200

\12%.4‘/121 04/ 138501

00/ 1.05200/ 135500
200/ 112201 /1.39204
0/1.31400
‘,“/1411 so

4\“+na/119mn/14bw,

0.31200/0.3100/0.

500/ 0.27 200/ 0.

032200/ 032200/ 039200

0.10200/ 010200/ 0.46 200
0.10:0.0/0.1020.0/ 0.41 200
0.20200/0.20400/ 0.4T100
0.10:0.0/0.1020.0/ 0.41 200
0.2020.0/0.2020.0/ 047400
0.41500/0.41500/0.6020.0
0.1420.0/0.1420.0/ 0.48+0.0
0.10+0.0/0.1000/ 041 400

BGCN
GCN-MCD
GCN-DE
GCN-Ens
GCN-MCD+DE
SGCN

GPN

GCN (Ours)

CoraML LLM

0.12200/0.12200/ 1.6120.1
0.12:00/ 012200/ 153200
0.1540.0/0.1520.0/ 1.4950.0
0.12100/ 012500/ 153400
015500/ 015500/ 149200
0.21:00/0.21400/ 1.
0.14:00/ 014200/ 1.
0.12:00/0.12200/ 153200

0.1400/ 014500/ 1.
0.14500/0.1420.0/ 1534
0.17200/0.1720.0/ 150401
014500/ 014500/ 1.5320.
017200/ 017200/ 149200
0.24200/0.24200/ 1..
0.18200/0.18100/ 1.
0.1420.0/ 014200/ 1.5

na./na./na.
na./na./na.
na. /na. /na.
na./na./n.

na./na./na.
n.a. /na./n.
na./na./n.
na. /na./na.

0.25+0.0/0.30+0.0/ 0.3920.0
00/0.31100/0.42200

0.29+0.0/0.3620.0/ 0.52+0.0
0.25:00/ 031400/ 041 0.0
0.29500/0.36500/0.5320.0

0. 510»/031*«»/0

0.25:00/0.7T20.0/1.09+00
0.25500/0.7620.0/ 1.14200
0.29:0.0/0.7320.0/1.09+0.0
025400/ 0.71 401/ 113200
0.29:00/0.74:00 /111500
<02/ 0.78 0.0/ 0.
0200/ 0.30:00 /0.
0.25:00/0.7520.0/ 1.4

oot

0.0/ 0.26+00

o 00/ 0.26100
0 26+0.0/0.26x0.0/0.3120.0
0.22+00/0.22400/0.2610.0

0.2220.0/0.2240.0/0. 261u o

0.08:0.0/0.08+0.0/ 0.4420.0
0.09:0.0/0.0920.0/ 0.4200
0.120.0/0.1220.0/ 044500
0.08:0.0/0.08:0.0/ 0.4200
0.13200/ 013500/ 0.4520.0
0.3420.0/0.34200/0.5540.0
012500/ 012400/ 0.47200
0.09+0.0/0.0920.0/ 0.4250.0

BGCN
GCN-MCD
GCN-DE
GCN-Ens
GCN-MCD+DE
SGCN

Citeseer

GPN
GCN (Ours)

0.27500/0.27500/ 155200
0.2440.0/0.24200/ 143500
0.29:00/0.29200/ 1.39200
0.24100/ 024200/ 142200
0.29+0.0/0.29+00/1.39+0.0
0.3420.0/0.3420 u/ 1 mﬂ o
0.22:00/ 022200/
0.2400/0.24x00/ 1 42:00

015200/ 0.15500/ 1.61 200
014200/ 0.14500/ 1.47200

22500/ 0.22500/ 141100
0142007014200/ 146200
0.22:00/0.22200/ 142400
0.28200/0.28500/ 1.29200
0.1400/ 014500/ 1.5520.0
0.15200/0.15200/ 147200

0 28400/ 0.37500/0.58200

[\ 34400/0.45:00/0.7T1200
U AT200/0.5920.0/0.T1200

0.28500/0.47 501/ 0.
0.27+0.0/0.3820.0/ 0,
0.3400/0.480.0/0.76.
.27 500/ 0.37 0.0/ 0.
0.34200/0.4T100/ 075501
0.47200/0.59200/0.T1e00
0.25:00/ 031200/ 0.
0.27:00/0.3940.0/ 0.

D 28500/ 0.98200/ 1.

0.34x00/0.89200/1.33400

0.47200/0.90500/ 1.24200

027200/ 103200/ 142500

0.28:0.0/0.28200/0.23 500
0.26:00/0.26 2

044500/ 044200/ 052200
0.26+0.0/0.2620.0/0.18+0.0
0.26:0.0/ 026100/ 0.2420.0

0.20:00/0.20500/0.270.0
0.2020.0/0.2020.0/ 0.2640.0
0.28200/0.2810.0/0.
0.20:0.0/0.2020.0/ 0.26200
0.28+00/0.28+00/0.33400
0.42500/0.42500/ 0.4420.0
018200/ 0.1820.0/ 0.24200
0.20200/0.2040.0/0.2610.0

100

BGCN
GCN-MCD
GCN-DE
GCN-Ens
GCN-MCD+DE
SGCN

PubMed

GPN
GCN (Ours)

0.15+0.0/0.15200/ 1.89+0.0
012400/ 012200/ 176200
0. 1310 0/0.13+00/1.75200
u 2100/ 012200/ 176100
100/ 014200/ 173200
0 14100/ 014400/ 1.6610.0
012200/ 0.12500/ 1.73500
012200/ 0.12200/ 1.7620.0

U 26:00/0.2650.0/ 186500
0.24200/0.2d500/ 1.
0 28200/ 0.2820.0/ 1.65+0.0
0.24:00/0.24100/ 1.69200
0.28200/0.28500/ 1.65200
0.24200/0.24200/ 1.6140.0
0.21200/ 021100/ 1.70200
0.24200/0.24200/1.70+0.0

0 J-lm 0/0.39+00/0.5T+01
200/ 0/0.48500
5+0.0/0.40200/0.57+0.0
500/ 048200
0200/ 0.560.0
0.35+0.0/0.41+00/0.51400
0.30:0.0/0.3410.0 / 0.
0.32:00/0.35200/0.4800

0.3 4*04;/087 01/1.12400

0.30200/0.30500/0.3310.0
0.32+00/0.7820.0/1.08+0.0

0.37x01/0.3T+01/0.34201
0.31200/0.31200/ 031200

0. 34” 0/ 0. 34*(\ 0l 035200

33400/ 0.39+00
29400/ 0.2910.0/ 028100
031200/ 031500/ 0.3120.0

00/ 0.17+00/0.49+00
00/ 017200/ 045500
0.0/0.2320.0/0.44500
200/ 017200/ 044400
0 22400/ 0.22500/ 044200
0.22+00/0.40+0.0
15500/ 0.46.50.0
00/ 0.17200/0.4520.0

0.0/

BGCN
GCN-MCD
GCN-DE
GCN-Ens
GCN-MCD+DE
SGCN

GPN

GCN (Ours)

Amazon Photo

0.0620.0/0.0600/ 17820,
0.0740.0/0.07 0.0/ 1.6220.1
0.08200/0.0820.0/ 1.5810.1
0.07£0.0/0.07 0.0/ 1.6120.1
0.08:00/0.08200/ 1.57.

0.23200/0.23200/ 1.

0.090.0/0.09200/ 1.
0.07200/0.07200/ 1.61201

£0.1
0 1600/ 0.26+00/0.33200
0.1810.0/0.3010.0/ 0.38200
016200/ 0.26£00/0.33200
0.18:0.0/0.29:0.0/ 038
0.8820.0/0.8820.0/0.88200
0.27+00/0.28200/0..
016100/ 0.2620.0/ 0.

0152007062402/ 0.78 200
0.16+0.0/0.51+0.1 /063401
0.18200/0.4850.1/0.6110.4
0.1620.0/0.50+0.1/0.630.1
0.18x00/ 047401/ 0.6010.1
0.8840.0/0.88+0.0/ 0.88+0.0
0.27+0.0/0.28+00/0.3210.0
016200/ 05020,/ 0.6320.1

015200/ 0.83201/0.99200
0.16+00/0.81401 /097401
0.18200/0.86201/ 1.01s0s
016200/ 0.81200/0.99+00
0.18:0.0/0.88201 /101501
0.8820.0/0.8820.0/ 0.88+0.0
0.2740.0/0.2720.0/0.31200
016200/ 0.8150.1/0.98201

014200/ 0.14£00/0.20200
0.13+0.0/0.13400/ 0.
0.14200/0.1410.0
013200/ 0.13200/ 024200
014200/ 014100/ 026100
0.5320.2/0.53+0.2/ 0.700.1
0.25+0.0/0.2540.0/0.28200
013200/ 0.13200/ 024200

0.0420.0/0.0420.0/ 0.2950.
00/0.28+0.0
om 00/0.07200/0.29500
5500/ 0.05200/0.28200
0 07200007200/ 030200
0.88200/0.8820.0/0.880.0
0.1420.0/0.14200/ 0.3T+0.0
0.0520.0/ 005200/ 0.28200

BGCN
GCN-MCD
GCN-DE
GCN-Ens
GCN-MCD+DE
SGCN

Amazon Computers

GPN
GCN (Ours)

01/ 167501
0.21200/0.21500/ 149201
0.22400/0.22+0.0/ 1.46501
0.20:00/ 020200/ 149501
0.22+0.0/0.220.0/ 1.4550.10
0.64+02/0.64+02/1.19,

0.2020.0/0.2020.0/ 1.4920.1

0.12:00/0.12200/ 166501
012200/ 0.12200/ 148501
0.13200/0.13200/1.45

01200/ 012400/ 14920
0.1320.0/0.13 0.0/ 1. 4401
0.30+01/0.3010.1/ 126400
0.12:00/0.12400/ 1.
012400/ 0.12200/ 1.4920.0

0.34:00/ 042501/ 04850,
0.29200/0.39200/ 044200
0.3100/0.42400/0.4900
0.29:00/ 039200/ 045200
0.3120.0/0.4240.0/0.4920.0
[\ 90+0.0/0.90+0.0/0.90:00
3600/ 0.380.0/ 042500
0 29100/ 0.3920.0/ 0.44 500

0.34500/0.71402/0.83102
0.2920.0/0.57+0.1 /0.
0.31200/0.56+0.1/0.66+0.1
0.29200/ 057201/ 0.660.1
0.3120.0/0.570.1 /06601
0.90+0.0/0.90+0.0/0.90+0.0
0.360.0/0.37100/ 042

0.2920.0/0.5650.1 /0.

501

0.34:00/0.90200/1.05:00
0.29:200/0.86200/ 101201
0.31x00/0.91200/1.04500
0.29:0.0/0.8920.0/ 1.00200
0.310.0/0.8920.0/1.02+0.0
0.9020.0/0.90+0.0/0.900.0
0.3640.0/0.3620.0/ 040200
0.29:00/ 086401 /1.01201

0.29:00/0.29:200/0.30500
0.27:00/0.27200/ 03500
0.28+0.0/0.28+0.0/0.37200
0.27100/ 027200/ 035200
0.28+0.0/0.28+0.0/0.37=0.0
0.90:0.0/0.90+0.0/0.90:0.0
0.35:00/0.3550.0/ 036200
0.0/ 0.27400/0.3610.0

0.14200/0.1400/0.4550.0
0.1d500/0.1400/0.39200
0.160.0/0.17200/ 041400
0.14200/ 014200/ 0.39200
0.1620.0/0.1620.0/ 0.40£0.0
0.90+0.0/0.90+0.0/0.90+0.0
0.24501/0.2450.1/0.47 204
014200/ 0.1420.0/ 0.39:00

BGCN
GCN-MCD
GCN-DE
GCN-Ens
GCN-MCD+DE
SGCN

Coauthor Physics

GPN
GCN (Ours)

0.05:00/0.05200/ 172200
0.06:0.0/0.0620.0/ 1.59+0.0
0.06:00/0.06500/ 1.580.0
0.0620.0/0.06:0.0/1.5920.0
0.06500/0.06100/ 1.580.0
015200/ 0.1550.0/ 139200
0.0700/0.07+0.0/ 154500
0.0610.0/0.0620.0/ 1.5920.0

0.0320.0/ 003200/ 1.7620.1
0.03:00/0.03400/1.60+00
0.04200/0.04500/ 1.58 00
0.03:0.0/0.03:0.0/1.60.
0.04200/0.04500/ 1.
0.13200/0.13200/ 1.
0.04+00/0.04200/1.67+0
003200/ 0.03200/ 160200

0.12200/0.12200/0.18.
0.1130.0/ 015400/ 0.
0.12:00/ 018500/ 0.28:00
0.11200/0.15500/0.22+0.0
0.12:00/ 018100/ 0.28200
0.32200/0.4920.0/0.55200
0.1400/ 015500/ 0.17 0.0
011200/ 015200/ 0.22200

0.120.0/0.41202/ 0.58+0.2
011500/ 0.2040.0/ 028 0.0
012500/ 0.22500/ 0.33200
011200/ 0.20. 2
012500/ 023
0.32x00/
014200/ 01400/ 016500
0.1110.0/0.2020.0/ 0.

0.12:0.0/0.8420.1 /088401
011500/ 0.72£0.0/0.9500
0.12:0.0/0.8020.0/ 1.0020.0
011200/ 0.73200/0.94200
0.12:00/0.81200/1.01100
0.320.0/ 0 0/0.8000
0.1440.0/0.140.0/ 0.16:0.0
01100/ 073200/ 0.95200

0.09:200/0.09200/0.13200
0.08:0.0/0.08+0.0/ 0.14+0.0
0.09:00/0.09:0.0/ 015200
0.08:0.0/0.08:00/0.14 100
0.09:0.0/0.09200/0.15200
0.24200/0.2420.0/ 042200
012400/ 0.120.0/ 017200
0.0820.0/0.0820.0/0.1420.0

0.02:00/ 002200/ 0.16200
0.0310.0/0.0320.0/ 015500
0.04200/0.04500/0.160.0
0.03:00/ 003200/ 015200
0.04200/0.04100/0.160.0
0.24200/0.24500/0.33200
0.06+0.0/0.06x0.0/0.2240.0
0.03:10.0/0.0320.0/ 0,15

BGCN
GCN-MCD
GCN-DE
GCN-Ens
GCN-MCD+DE
SGCN

Coauthor-CS

GPN
GCN (Ours)

012500/ 012500/ 159204
0112007 0.1120.0/ 139200
0.14400/0.14400/ 1.35500
011200/ 011200/ 139200
0.14x0.0/0.14200/ 1.34500
0.88:0.1/0.88501/ 1.10500
0.25200/0.2550.0/ 1.34200
011200/ 011200/ 1.4010.0

0.0920.0/0.09400/ 1.62200
0.08200/0.0820.0/ 143200
0.10200/ 011200/ 13800
0.08200/0.0810.0/ 1.43200
0.11x00/0.11200/1.380.0
0.90200/0.90100/ 110200
0.19:00/0.19:500/ 1.30 00
0.08+00/0.08+00/1.43:00

0.13200/0.1610.0/ 027100
0.1320.0/0.22400/ 0.3720.0
0.16:00/0.29+00/0.48:00
013400/ 0.2220.0/ 037200
0.1620.0/0.29+0.0 /0.
0. hu (,/( 0.0/ 0.
8200/ 034200
0. 13+nu/0 22400/0.37+00

o

013500/ 026500/ 044200
0.16+0.0/0.3420.0/ 0.56£0.0
0.93500/0.93200/0.93

0.28:200/0.2720.0/ 032100
0.13+0.0/0.27+0.0/ 045400

0.13200/ 101201/ 1.09201
013200/ 1.0420.0/1.36200
0.1600/0.99200/1.24500
013200/ 0.97200/ 1.25200
0.1600/0.97T20.0/1.2240.0
0.9340.0/0.9320.0/0.93:0.0
0.28400/0.2720.0/ 0.32:00
0.13+00/1.04200/ 135400

0.13200/0.13200/ 015200
012200/ 0.12200/ 017200
400/ 0.1550.0/0.19:00
0.12400/0.12200/ 01600
0.1520.0/0.1550.0/0.1920.0
0.93:0.0/0.9310.0/ 0.
0.2720.0/ 027200/ 0.2820.0
0.1240.0/ 012400/ 0.160.0

=

0.02:00/0.02:00/ 0.22100
0.0320.0/0.0320.0/0.2240.0
0.050.0/0.0520.0/0.25+0.0
0.03200/ 003200/ 0.21200
0.0520.0/0.0520.0/ 0,
200/ 0.93200/0.93500
0.15200/0.15500/0.39:00
0.03:00/ 003200/ 0.22:00

00

Table 23: Brier Score (]) for different backbones on clean data as well as i.d. and o.0.d.
distribution shift in a transductive setting (best and runner-up).

nodes after a

Model |

LoC (last)

‘ LoC (hetero) ‘ Ber(0.5)

| Ber(p) (near) |

N(0,1) (far) | Homophily | Page Rank

EBM

89.9+0.9

88.4x2.3

58.7+4.6

67.1x2.0

26.4+1.2

71.2416

7425,

1
% Safe 91.6:0.7 90.5+1.5 53.5+3.3 56.9+1.7 36.142.2 731415 50.6+0.6
O  GEBM | 91.6:0s 89.5+1.7 94324 771115 86.6-3.0 76.7+13 57.T+1.3
— EBM 90.241.2 89.7+1.0 58.1+2.7 55.6+1.6 441420 72.1+16 51.4+10
é Safe 91.5:0s 90.8:0.0 54.6+2.2 53.2+1.0 454416 70.3+1.9 49.941.1

GEBM

85.0+5.

IS

83.5+5.6

89.6:5.>

69.3:4.2

76.5+45

72.6+2.5

533+1s

EBM

76.5x6.

71.9+4.

46.6+2.

52312

42.8:+1.

53.241.

69.2:0.

GEBM

77352

73.3+7.8

51.9+:2

51.6+1.7

547415

62.7+5.3

1 9 5 4 9 9 8
E Safe 79.0+5.0 76455 47.641.2 49.341.3 46.2+1.6 51.2+418 47.T+0.5

GEBM 80.7+45 76.4:6.1 51.6+1.9 514421 53.6+1.7 65415 524413
= EBM 74.0+6.4 75.0£7.1 47 14300 527125 422408 53.2+3.8 68.9:1.2
% Safe 773154 78247 48.1+1.1 49.2+1.3 46.6+1.5 51.1+35 48.0+0.5
w2

53.0+2.1

Table 24: O.0.d. detection AUC-ROC(T) using different backbones on CoraML in an inductive

setting.
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Model | LoC (last) | LoC (hetero) | Ber(0.5) | Ber(p) (near) | N'(0,I) (far) | Homophily | Page Rank

z EBM 85.5+1.8 75.1+5.5 53.943.0 63.5+2.3 36.1+2. 66.3+2.4 71.6+3.5
Q Safe 87.3+2.2 76.5+5.5 51.0+2.4 55.3+1.9 40.3+2.7 63.7+2.1 54.0+0.6
O  GEBM | 88.0+1s 75.1+33 94.3.:5 5 70.6-2.5 88.9.:5.4 68.8+2.2 56.8+1.1
= EBM 86.4+2.9 80.3+2.9 56.3+3.8 56.5+1.5 45.2+2.5 67.0+13 55.1+0s
< Safe 88.9:1.4 83.1:3.0 53.5+2.9 54.2+1.2 454423 62.1+1.7 53.3+1.0
O GEBM | 79.5:s4 64.4+12.0 88.6:6.5 61.9:47 81.8:41 66.5+3.0 54.7+1.3
z EBM 70.2+8.2 49.149.9 46.0+1.9 52.8126 44.0+1.9 51.4+35 65.7+1.0
5 Safe 72.3+6.4 51.4+71 47.9411 50.3x0.9 46.6+2.1 46.1+2.1 50.1+0.4

GEBM 751150 5271582 51.2126 51.4+26 52925 54.7:26 54.0+2.0
= EBM 66.6+5.2 55.3+13.4 46.4+2.4 53.513.7 43.4+28 52.5+4.3 65.4:20
% Safe 70.2+6.5 56.4+10.6 48.5+1.1 49.9+1.3 46.9+1.8 46.5+2.7 50.3+0.8
vi  GEBM | 70.6+10.4 49.3+10.2 51.542.4 51.4+2.4 53.1+27 551433 54.542.5

Table 25: O.o.d. detection AUC-PR(?) using different backbones on CoraML in an inductive setting.

Model | LoC (last) | LoC (hetero.) | Ber(p) (near) | Ber(0.5) | N(0,1) (far) | Page Rank | Homophily | Rank(|)

EBM 89.9x0.0 88.4x+2.3 67.3x1.0 58.6+4.6 25.7+13 74.2+2.1 T1.2+16 3.9
. Indep. 81.8416 78.5+1.4 87.1x2.0 99.510.7 96.313.3 +1.7 69.0x1.7 3.7
% Local 87.5+2.0 86.9+2.1 574416 57.942.6 63.112.9 51.0x0.5 81.3+0s 4.3
3 Group 92.8+0.6 90.241.1 55.5+1.0 60.9+1.9 63.7+25 49.541.1 71.821.7 3.4
© GEBM-Ejy £0.6 +2.0 75.9+1.6 72.3+5.7 1.2:04 57.6+1.4 T4.3+1.6

GEBM 91.6+0.8 89.5+1.7 +2.0 +2.4 +3.6 57.T+1.3 +1.3 25

EBM 87. 1109 87.5+3.3 n.a. 70.0x1.6 33.0x25 727114 69.7+0.7 3.3
’_'] Indep. 78.9+1.1 82.0x2.7 n.a. 921420 96.0+2.0 +0.7 65.1x1.0 3.6
% 2 Local 84.541.2 84.9+2.4 n.a. 55.9+1.2 624428 50.9+0.4 80.6+1.1 3.7
5 j Group 91.6+1.2 914413 n.a. 58.5+2.4 62.4+43.4 49.6+0.7 70.7+15 2.9
O GEBM—Ey +1.0 +1.7 n.a. +1.3 T 114 51.2406 73109

GEBM 88.4411 89.7+2.0 n.a. 82.2135 +3.4 51.940.7 +1.2 24

EBM 874425 88.0+1.9 64.T+15 43.816.5 23.5+16 66.4+2.0 52.0+21 3.9
5 Indep. 782427 76.5+1.4 69.3+1.1 99.6+0.5 755456 +1.0 51.9+1.4 3.7
Q Local 86.9+2.2 90.8+1.3 60.0+1.3 68.6+4.5 63.0+2.0 47.642.1 55.541.90
};) Group 90.611 6 +1.1 55.5+1.3 70.4i2v3 61.7i3 0 46.212.0 53.0+2.2 3.6
o GEBM-Ejy +2.2 87.8+1.7 63.9+1.0 45.4+10.4 5.6+1.0 48.241.0 53.2+22 4.0

GEBM 88.9+2.1 88.7+1.4 +1.2 +2.9 +3.9 48 3418 +2.0 2.5

EBM 65.8+1.7 67.8+2.4 n.a. 48.644.5 27.5411 72.6+2.3 52.241.5 3.9
- Indep‘ 66.0+0.0 59.643.4 n.a. 88.6+7.0 82.5458.3 +1.6 54.8+1.0 3.2
é) Local 68.3+1.0 66.3+4.9 n.a. 56.143.2 61.441.2 47. 7412 62.6+1.6 3.4
'g Group 728422 714140 n.a. 59.542.3 60.341.4 50.642.0 56.442.0 2.3
A~ GEBM-Eg 68.5+2.1 +2.6 n.a. 52.6+10.1 8.1z07 49.7+15 58.9+1.1 3.2

GEBM £1.0 67.2+5.1 n.a. +7.4 +4.2 49.4416 £1.7

EBM 75.2+5.0 78132 57.8x0.6 52.1+41.7 42.6+1.3 90.3:0.0 60.0x0.5 4.1
=) Indep. 75.643.7 76.3+3.2 +2.2 +10.6 95.842.0 59.7+41.2 61.4+1.7 3.4
§ g Local 731441 90.6+1.4 51.4411 49.241.0 57.3+1.3 54.0+0.6 68.4+0.5 3.9
=] if Group 89.9:45.4 82.3+41 52.8+1.1 50.7+1.5 57.6+41.2 53.5+0.8 59.6+2.1 4.3
< GEBM-FEjy +4.2 85.5+3.3 92.5:18 71.7+s.6 0.5+0.2 £0.6 65.9+1.1 2.6

GEBM 83.645.2 +2.9 84.8+43.1 64.245.6 +2.8 58.0+0.7 +1.1

EBM 75.9+5.1 85.5+3.6 56.6+0.7 54.9+2.1 40.1x11 85.3:1.4 61.5x0.0 3.6
= g Indep. 744435 79.242.0 90.0+1.0 +6.8 96.1+7.0 51.8+1.0 59.2+0.0 4.1
§ é Local 75.T+33 85.1x6.1 51.8z06 50.941.1 574414 +0.4 69.2:1.1 3.9
=] =) Group +4.9 +4.0 53.3106 52.3+1.0 58.8+1.3 513116 56.1x2.6 4.1
< § GEBM-Ey | 86.7:s.0 89.7+2.3 +1.3 843150 0.1x01 53.0+1.4 +0.8 2.2

GEBM 81.8+s.5 87.9zxs.0 85.2+2.2 75462 +6.6 52.6+1.3 64.4x15

EBM 89.9+1.6 94.2:11 69.6+0.5 71.6+16 28.8x0.7 81.9+0 60.5+0.7 3.8
é Indep. 90.3+0.0 92.1+1.8 99.240.3 100.0+0.0 92.7+5.4 +0.9 58.2+0.5 3.2
< wn Local 73.8+2.5 87.6+2.1 57.0+1.1 59.1+1.0 62.7+2.3 45.440.3 77.0+0.0 4.9
3 © Group 96.0+1.2 95.6+1.4 62.3118 65.3+1.5 63.942.0 514406 58.5+1.7 3.8
(3 GEBM-Ey +1.4 97.5+0.6 95.5+0.4 97.5+0.7 0.2+0.1 59.9+0.8 64.7+0.7

GEBM 92.8+1.5 +1.3 +1.1 +0.2 +5.4 56.5+0.0 +1.0 2.5

EBM 93.4+1.8 97.0x0.6 59.441.3 62.4+1.4 39.5+1.0 82.0x1.6 56.5+0.6 3.6
é @ Indep. 89.6+2.6 94.6+1.0 91.9415 99.940.1 734474 +1.2 55.7+0.4 3.7
= E Local 91.7+1.0 96.3+0.6 53.4+0.0 55.9+0.0 58.0+1.1 52.3+0.5 66.1+1.2 4.5
% _E‘ Group +1.9 +0.3 54.7+1.0 57.0+1.0 56.7+1.3 54.7+07 56.4+1.0 4.1
ol GEBM-Ej 96.6+0.0 98.410.4 81.2+2.0 90.0+1.7 3.6z06 62.2+1.3 58.3+0.6

GEBM 949415 98.4+0.3 +2.5 +1.5 +5.8 60.1+1.1 +0.8 24

Table 26: O.0.d-detection AUC-ROC (1) using different EBMs in an inductive setting.
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Model | LoC (last) | LoC (hetero.) | Ber(p) (near) | Ber(0.5) | N(0,1) (far) | Page Rank | Homophily | Rank(|)

EBM 85.5+1.8 751455 63.8+5.7 53.9xs.0 35.9+18 71.6+5.5 66.3+2.4
.| Indep. T4.T+2.0 58.1+2.3 82.3:2.4 99.5+0.7 979418 +1.8 61.4+2.1 3.6
% Local 782443 68.8+4.4 56.0+2.7 571424 62.543.3 54.940.4 777411 4.1
5} Group 89.7+1.2 731421 54.7+0s 60.9+2.0 61.7+2.4 51.1+00 61.4+2.2 4.3
© GEBM-Ejy £1.2 447 69.2+2.4 63.4+6.3 30.6+1.5 55.9+11 64.5+2.5 3.5

GEBM 88.0+1.5 751433 +2.9 +2.5 +3.1 56.841.1 +2.2 2.2

EBM 84.042.3 75.9+6.5 n.a. 65.142.7 39.2415 69.1+1.8 66.5+1.0 3.0
A Indep. 69.6+2.4 63.0+5.1 n.a. +5.4 97.541.2 +0.8 58.6+1.3 3.5
2 2 Local 752437 61.9+40 n.a. 521413 60.5+3.9 54.4+0.4 77.6+1.5 3.5
g j Group 88.1+1.4 +4.1 n.a. 56.3+2.0 59.543.4 51.640.6 59.7+1.8 3.3
&) GEBM-Eg +1.2 78.8+3.9 n.a. 832423 30.7+0.0 52.4+0.5 64.5+1.2

GEBM 84.T+2.0 76.845.1 n.a. 72.8+4.9 +3.8 53.2+0.6 +2.1 2.6

EBM 71.0+s.8 76.3+43 59.0+2.4 425453 34.8+1.4 59.1+2.1 51.8+2.1 3.6
— Indep. 51.843.2 59.4+1.6 63.5+1.7 99.6-+0.8 854455 +0.8 51.3+1.1 3.7
§ Local 63.7+6.5 82.0+2.5 57.542.3 67.2+46.0 62.542.6 48.5+1.4 55.5+1.9
,‘q-': Group +3.6 75.T+2.6 52.T41.7 70.9+3.9 60.543.4 45.T+1.4 521418 4.0
o GEBM-FEg | 74.3zs.0 T4.1:38 55.3+1.0 42.9z5.0 30.7+1.4 46.8+1.4 52.141.7 4.2

GEBM 69.4+44.5 +3.0 +2.0 +2.7 +3.9 472414 +1.8 2.7

EBM 53.542.1 33.0x3.3 n.a. 46.113.2 39.1107 66.0+3.2 53. 717 3.4
L) Indep. 51.7T+15 24.8+2.7 n.a. 89.140.0 89.545.0 +1.3 53.3+1.2 3.2
ﬁ Local 504413 29.0xa5 n.a. 55.843.4 611115 A7 .5+0.7 614117 3.8
—g Group 60.6+3.0 40.6+7.7 n.a. 59.14209 59.1412 504417 52.3x1.7
A GEBM»E{; £3.0 +3.7 n.a. A7 7159 31.840.4 49.041.2 56.0x1.3 3.1

GEBM 56.7+1.7 33.4+6.1 n.a. +8.8 +3.2 49.041.2 ERIRG 2.5

EBM 63.3+7.7 51.4%a.2 59.0x0.7 52.0+1.7 45.1+0.7 89.0+1.4 62.1+1.3 3.8
= Indep. 65.615.3 489445 88.7125 +9.5 97.6+1.6 57.2413 60.3+2.2 3.4
§ g Local 55.6x6.7 739145 50.8+1.6 49.1410 56.9+1.0 55.0x0.7 +1.2 4.0
=] é Group 80.6+7.6 494455 52.5+1.3 49.841.2 56.7+1.1 51.2+0.6 55.0+1.8 4.6
< GEBM-Ey +7.1 57.T+5.4 +2.8 63.0+90.2 30.5+0.6 +0.5 63.8+1.7

GEBM 749456 +7.3 77.0+4.0 55.7+6.4 +1.9 55.5+0.8 66.4+1.5 2.6

EBM 53.7+7:3 +4.5 56.6+1.1 54.243.0 43.541.2 81.8+15 60.0+1.1 3.3
=1 g Indep. 49.4+4.0 63.9+5.6 859427 +9.0 97.8+41 49.541.5 57.8+0.7 3.9
§ é Local 48.3 442 75.347.2 50.7+1.6 50.142.0 57.042.3 +0.5 673111 4.1
£ E Group 70.1+3.7 774450 53.2+1.6 51.842.1 58.842.0 49.2411 51.8+18 4.3
< 8 GEBM-Ey +4.8 81.313.6 +1.9 7591581 30.6+0.9 49.9411 60.3+0.7 2.7

GEBM 65.0+5.3 T7.6+6.2 79.545.1 67.4+7.1 +4.6 50.141.2 +1.2

EBM 89.6+1.5 78.T+3.3 69.4+1.0 71.9+2.4 372405 77.8+1.2 60.9+0.5 3.6
é Indep‘ 90.240.8 65.7+6.0 98.7+0.3 100.00.0 95.943.1 +1.0 55.0+0.5 3.0
<= Local 62.042.0 50.143.9 54.141.2 574417 61.742.3 47.5+0.1 77 dx1.0 4.9
5 © Group 96.3+0.9 80.8+4.1 60.8+1.8 64.241.6 62.641.7 52.8+0.5 51.641.2 3.9
@) GEBM-FEjy £11 88.6+2.1 92.6+0.0 96.0+1.4 30.6+0.4 58.1+0.7 59.7+0.5

GEBM 93.4+1.2 +5.1 1.4 +0.2 +3.9 55.2+0.8 £1.0 25

EBM 79.84s.2 92.0+1.4 58.8+1.2 62.1x1.0 43.6x0.0 77.3+2.0 56.9x0.5 3.4
é » Indep. 63.9+6.9 82.5125 90.6+1.5 99.910.1 839147 +1.2 56.3x0.5 3.5
= % Local 64.5+4.8 84.2+1.8 53.0+0.7 54.5+0.8 57.9+1.3 50.9+0.4 68.9+1.1 4.5
§ E’ Group +2.8 95.2x0.7 54.0x0.6 56.7+o0.7 56.2+1.6 53.5x0.9 53.6x0.6 4.2
@] A~ GEBM-Ejy 89.242.4 +0.9 748428 85.442.9 31.0+0.5 58.1+1.3 56.8+0.8

GEBM 84. 7158 95.4+0.8 +2.7 +1.9 4.4 55.9+1.0 +0.8 2.3

Table 27: O.0.d-detection AUC-PR () using different EBMs in an inductive setting.
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Model | LoC (last) | LoC (hetero.) | Ber(p) (near) | Ber(0.5) | N(0,1) (far) | Page Rank | Homophily | Rank(|)

EBM 87.5+1.8 85.3+2.0 68.7+1.5 61.1+4.0 24.7T+16 73.0+1.7 67.9+2.0 4.1
.| Indep. 79.241.4 76.9+1.2 86.6+2.1 98.5+1.6 99.7+0.3 +1.1 63.9+1.5 3.7
% Local 86.9+2.1 85.441.5 56.5+2.0 54.512.2 62.1+15 49.940.7 79.8+1.0 4.3
5} Group 917412 89.6+1.0 57.9+1.0 61.3+1.4 62.8+2.1 48.141.3 68.9+1.5 3.3
o GEBM-Ey +1.6 +1.2 +2.3 76.9+s.5 14+03 52.3+1.1 T1.1x23

GEBM 89.7+0.0 87.9+1.4 78.9+2.4 +3.7 +1.7 52.7+1.0 +1.5 2.6

EBM 88.242.4 87.0x2.3 n.a. 69.412.4 341434 71.9+2.1 69.0+1.5 3.5
_'1 Indep‘ +1.5 797427 n.a. 91.9426 95.342.4 +0.5 62.7+2.1 3.4
2 2 Local +1.5 85.9+2.6 n.a. 542410 63.0+1.0 +0.5 79.7+1.0 3.2
g j Group £1.5 91.0+1.0 n.a. 57.542.0 62.942. £0.5 67.7T+2.0 3.2
] GEBM-Ey | 91.2:15 £1.8 n.a. 2.5 7.6+0.9 51.0+0.7 71.942.2

GEBM £1.5 89.142.6 n.a. 81.14s.6 +2.5 £0.5 +1.6 2.6

EBM 85.7+1.2 85.5+2.1 65.8+2.0 55.0+6.5 233412 66.3+1.3 50.6+1.0 4.0
— Indep. 76.3+1.7 T4.342.4 69.2+0.8 100.0=x0.0 93.546.2 +1.4 492411 3.7
§ Local 85.7+2.2 89.1+19 61.0+18 72. 7414 66.312.1 474408 54.7+0.5
,&: Group 88.7+2.1 +2.4 55.T+1.2 73.0+1.3 66.2+1.8 45.840.9 51.6+1.4 3.4
o GEBM-FEjy £1.5 85.4+2.2 64.7+1.2 59.8+9.0 5.5+0.7 47.8+0.0 51.3+11 4.2

GEBM 871422 86.7+2.2 +1.2 +0.8 +2.8 48.041.1 +1.1 2'5

EBM 66.113.0 62.8x45 n.a. 58.5+7.5 26.410.9 71.8+2.7 53.4x0.9 3.9
Lol Indep. 64.0+1.8 59.6+2.9 n.a. 89.915.5 7524117 50.820.8 53.5x0.8 3.4
ﬁ Local 66.7+3.3 65.2+3.7 n.a. 57.542.3 60.9+1.4 A7.8+0.7 61.6+2.0 3.5
—g Group 69.313.8 704138 n.a. 59.6+2.1 58.9+2.0 +0.9 534124
A GEBM»E{; +3.6 65.4+5.1 n.a. 66.7+10.3 8.0x0.4 494410 +1.0 3.1

GEBM +3.0 4557 n.a. +5.1 +6.2 49.6+0.5 57.1x19 24

EBM 75.2+47 75.9+5.7 58.5+15 51.5+1.4 41.3+16 90.5x0.0 56.8+1.4 5.1
= Indep. 75.543.8 76.2+3.0 +3.1 +8.9 93.843.5 58.2+16 622419 3.1
§ g Local 76.9+7.5 914122 71.6+16.9 56.3+7.4 T7.5+175 54.5+0.6 622419 3.6
=] é Group 89.713.4 81.545.2 T2.7+15.5 57.0x6.5 T7.5+17.6 534411 622419 3.5
< GEBM-Ey +5.9 82.1x3.2 93.610.6 66.349.1 0.5+0.1 +1.0 +1.8

GEBM 84.2+45.3 +3.9 83.3+3.0 58.4+s.0 +2.7 57.8+1.2 62.241.0 2.8

EBM 753443 84.545.2 57.8+1.6 54.6+2.3 40.841.4 87.2415 60.6+0.5 4.1
=1 g Indep. 773415 79.5+1.0 +1.8 +4.5 94.245.2 50.9+1.5 55.9+1.0 4.1
§ é Local 771443 89.5+1.9 52.240.7 50.5+0.7 57.9415 +0.6 68.2+1.3 3.6
£ E Group 89.7+4.2 911412 53.841.5 52.9+1.5 58.8+1.8 51.3+1.0 524425 3.6
< 8 GEBM-Ey +3.3 89.1+2.7 91.7+15 81.8+5.0 0.2+0.1 52. 7411 £0.6 2.7

GEBM 84.8+28 +15 84.3+28 72.9x5.3 7.7 52.1+11 61.9:15

EBM 88.6+1.1 91.8+1.0 68.7+0.0 70.9+1.3 29.4+0.8 81.5+:12 59.5+0.3 3.8
é Indep‘ 89.5+0.0 88.943.2 99.1+0.2 100.00.0 97.641.0 +0.9 55.6+0.7 3.0
<= Local 73.1418 85.142.0 57.6+0.5 58.1+0.9 63.9+1.6 45.6+0.4 77.8+0.7 4.9
5 o Group 96.5+1.1 +2.7 61.7+16 64.0+1.6 64.541.4 51.840.9 54.5+1.9 3.8
@) GEBM-FEjy £1.1 96.4+1.0 95.3+0.6 97.5+0.5 0.4+0.1 59.1+0.0 63.7+0.7

GEBM 92.7+1.3 93.6+2.0 +0.6 +0.5 +£2.0 56.0+0.7 411 2.7

EBM 91.5+1.7 95.3+1.6 59.7+1.2 62.0+1.4 39.6x0.5 83.0:+1.0 56.5+0.7 3.8
é » Indep. 88.2418 929411 929115 99.510.8 81.5148 +0.4 54.9+0.3 3.7
= % Local 89.7T+1.7 93.8+2.2 53.9+0.6 55.T+1.1 58.8+0.8 52.440.3 679115 4.5
§ E’ Group +2.1 97.8+0.7 56.110.9 57.8+1.1 58.3+1.0 55.240.4 56.6x1.3 3.6
Q ~ GEBM»E{; 95.7+1.0 +1.1 82.5+2.7 90.0+2.8 4.0+0.6 63.0+0.6 58.7+0.9

GEBM 93.T+1.0 97.241.2 +2.7 +2.7 +3.7 60.9+0.6 +1.0 2.7

Table 28: O.0.d-detection AUC-ROC (7) using different EBMs in a transductive setting.
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Model | LoC (last) | LoC (hetero.) | Ber(p) (near) | Ber(0.5) | N(0,1) (far) | Page Rank | Homophily | Rank(|)

EBM 83.0+2.1 69.6+4.3 66.1+5.1 56.3+6.2 35.0+1.4 70.2:2.0 62.5+2.1
. Indep. 722410 55.5+2.3 821143 98.1126 99.810.2 +1.4 56.6+1.4 3.7
% Local 78.044.5 64.7+3.5 53.842.2 52.442.7 61.943.3 54.140.4 76.0+1.0 4.0
5 Group 88.0+1.0 +2.7 55.543.3 60.043.0 61.743.7 50.5+0.6 57.6+1.4 3.8
© GEBM-Ejy +2.2 71.643.1 +3.8 67.5+10.3 30.1415 52.8+0.0 61.442.2

GEBM 86.1+1.6 732425 712444 +5.2 +1.8 53.3+0.7 £1.4 24

EBM 84.0xa7 73.0xa5 n.a. 66.0+4.4 41.0x28 69.6+2.5 64.7+1.6 3.3
'_'] Indep. +2.9 58.8+5.3 n.a. +4.1 972114 52.5%0.4 55.3x2.5 3.7
% E Local +2.9 64.0+4.6 n.a. 52.5+3.7 61.9+3.0 52.5+0.4 77.2+0.9 3.3
£3 Growp 2.0 5. na. 55.9+3.5 61.7+5.3 52.5+0.4 57.7+10 3.5
O GEBM»E{; 88.313.2 78.3+4.9 n.a. 8484142 317415 +0.7 62.6x1.9 2.1

GEBM +2.9 74.6+6.1 n.a. 724453 +2.5 52.5+0.4 ol

EBM 66.3+4.4 72.1%a2 4.4 50.0+5.0 35.3+25 60.2+1.5 51.3x0.7 3.4
— Indep. 48.6+2.2 57.713.3 ()2.712.2 100.0t0,0 9().213.5 +1.5 49.6+0.8 3.7
§ Local 60.414.6 787138 58.6+3.4 734455 65.842.7 48.3+0.9 547111
g Group +5.4 719455 52.8+2.6 744425 64.5+2.4 45.T+0.s +0.5 3.9
o GEBM-Ey | 68.8+46 69.8+5.2 56.4+2.7 51.7+5.0 31.2+20 47.2+0.6 51.3x0.4 4.4

GEBM 65.8+5.4 +3.9 59.1+25 +0.8 +2.5 47.6+1.0 +0.3 2.9

EBM 53.942.0 28.6+4.0 n.a. 53.145.2 38.0+0.4 644141 55.1+1.3 3.2
o Indep. 50.5+1.8 243416 n.a. 90.35.6 84.947.5 +0.7 52.5+0.8 34
§ Local 50.6+2.3 27.T+28 n.a. 56.4+2.6 60.242.0 472404 59.6+1.6 3.7
g Group 58.8+3.6 38.215.4 n.a. 58.9+2.7 574418 49.7+08 50.1+1.7 2.6
A~ GEBM—E@ +3.7 +6.3 n.a. 57.T+7.5 31.3+0.4 48.410.6 +0.7

GEBM 55.943.2 30.8+3.5 n.a. +6.2 +5.3 48.410.6 54.3+1.5

EBM 64.3+6.3 491448 59.342.5 52.0+2.1 44.341.2 89.5:1.4 58.9+1.0 3.8
= Indep. 66.4+5.6 483443 +5.3 t6.4 95.8+2.6 55.841.6 +2.0
§ % Local 62.549.0 75.545.9 67.1413.6 52.143.3 79.4415.3 55.3+0.7 +2.0 3.9
=] f Group 80.0+6.2 50.045.5 68.1412.4 52.1436 79.4415.3 51.3406 +2.0 3.7
< GEBM-Ejy £7.1 52.345.4 90.8+1.6 5994150 30.T+0.7 £0.8 424 2.7

GEBM T7. 1181 +10.1 75.T+a0 51.9+5.3 f17 55.3+0.0 +2.0 3.5

EBM 50.9+6.4 773444 57.4x2.1 53.3+2.0 43.7+1.2 84.4:25 59.4+0.0 3.8
= g Indep. 49.642.6 63.9+2.0 +2.0 +4.9 96.7 +4.8 49.2415 55.3+0.9 4.1
% é Local 49.2443 79.8+3.3 50.5+1.3 49.041.2 57.3+1.0 +0.5 67.7+1.4 3.9
I=l=] Group 72.843.2 +2.2 53.041.7 51.7+1.6 58.542.2 48.9+0.7 49.3+42.2 4.0
<S8 GEBM-Ey | 62.6x1 a0 87.9:1.0 73.645.0 30.3:0.5 50.00.0 0.7

GEBM £3.5 80.4+3.4 T74x2.0 64.4x4.0 +4.9 49.7411 59.5+1.5 2.6

EBM 87.8+1.7 72.3+4.4 69.5+1.3 722410 38.0x0.6 77.5+16 60.5+0.4 3.6
é Indep. 88.7+1.2 58.9+7.6 98.8+0.3 99.910.1 98.7+1.0 +0.8 53.0x0.6 3.0
= wn Local 61.0+1.7 46.9+4.1 55.2405 56.3+0.5 63.3+1.8 47.6+0.2 77.8+0.8 4.9
Q O Group 96.5+0.8 T4.8+s.2 60.8+1.6 63.4+1.6 63.6x1.6 529107 48.8+1.4 3.9
Lo) GEBM-Ejy +0.8 847157 92.8+1.0 96.3x0.5 31.2x05 57.5x0.7 59.3x0.7

GEBM 92.8+0.0 +7.5 +0.7 +0.6 +1.4 54.9+0.6 +1.3 2.5

EBM 75.3+35 88.0x4.0 59.4+1.7 61.1x10 43.3+0.6 78.4x1.4 57.5+0.6 3.6
é » Indep. 60.5+4.6 794427 91.5416 99.111.7 88.9425 +0.6 55.5x0.4 3.2
= a Local 57.3+48 T4.547.7 53.0+0.7 53.9+0.0 58.5+1.0 511401 70.5+1.0 4.8
g E Group £3.0 93.7+2.0 54.T41.4 56.8+1.5 57.3x09 54.2+40.5 53.5x1.0 3.9
S™ GEBM-Ey | 86.6+1s 132 76.3+5.5 84.4<a7 30.7+0. 58.810.8 57.6+0.6

GEBM 80.6+3.7 91.5+4.3 +3.5 +4.1 +2.7 56.7+0.4 +0.8 2.7

Table 29: O.o.d-detection AUC-PR (1) using different EBMs in a transductive setting.

Model | LoC | Ber(p) | NV(0,1) | Homo.

= EBM | 90.5 | 71.9 17.0 73.3
& Safe 91.6 | 55.9 33.1 73.6
> GEBM | 88.6 | 67.9 67.9 78.8
, '3 EBM | 603 | 522 17.9 522
ST Safe 58.7 | 50.0 31.9 50.8
© . GEBM | 14.1| 355 99.6 32.8
, S EBM |754| 60.6 3.6 61.6
ST Safe 744 | 53.9 20.0 61.6
© . GEBM | 299 | 375 99.6 40.4
, S EBM | 841 754 2.6 67.2
S Safe 89.8 | 60.1 17.4 69.1
© GEBM | 89.4 | 61.1 99.6 75.9

Table 30: O.o.d. detection AUC for APPNP and GCN with spectral normalization at different weight
scales o.
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NeurlIPS Paper Checklist

1. Claims

Question: Do the main claims made in the abstract and introduction accurately reflect the
paper’s contributions and scope?

Answer: [Yes]

Justification: We identify three main contributions in the introduction Section[I] Our novel
model is described in Section[4.3] the formal proofs regarding integrability of EBMs and
Gaussian regularization are given in Sections[4.2]and[4.3]and a novel evidential interpretation
of our EBM framework can be found in Section[d.4] We support the claimed efficacy of our
model at different structural scales by its strong out-of-distribution detection performance
on a comprehensive suite of distribution shifts (Appendix [C).

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 reflect how
much the results can be expected to generalize to other settings.

* It is fine 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]

Justification: We discuss limitations in Section [0} We only aim at epistemic uncertainty
estimation and can not improve on aleatoric metrics. Our method is tailored toward node
classification in a homophilic setting, which is also acknowledged. Our method is less
effective on centrality-based splits, which is discussed in Sections and[6]and in-depth in

Appendix [C.6]
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-specification, asymptotic approximations only holding locally). The authors
should reflect on how these assumptions might be violated in practice and what the
implications would be.

 The authors should reflect 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 reflect on the factors that influence 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 efficiency 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
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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 specifically 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?

Answer: [Yes]

Justification: We explicitly state the assumptions that we deal with piecewise affine classi-
fiers and provide formal proofs for all statements in Appendix [A] For the core theoretical
contribution, we provide intuition in Section #.2}

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]

Justification: We provide code to reproduce our experiments online. Furthermore, we
additionally also list all hyperparameters for all baselines and our model explicitly in

Appendix
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 verifiable.

* 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 suffice, or if the contribution is a specific 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 NeurIPS 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.
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(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

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

Answer: [Yes]
Justification: We provide code to reproduce our experiments.
Guidelines:

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

* Please see the NeurIPS code and data submission guidelines (https://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 NeurIPS code and data submission guidelines (https:
//nips.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]

Justification: Experimental details, entailing dataset splits, architecture choices, optimization,
etc., are provided in Appendix|B| Additionally, they are listed as default configurations in
the public code.

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 detail
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 Significance

Question: Does the paper report error bars suitably and correctly defined or other appropriate
information about the statistical significance of the experiments?
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Answer: [Yes]

Justification: We omit error-bars and standard deviations in the main text for clarity, but
supply them in Appendix [C] They are explicitly referred to as standard deviations.

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, confi-
dence intervals, or statistical significance 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).

* 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).

¢ It 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% CI, if the hypothesis
of Normality of errors is not verified.

» For asymmetric distributions, the authors should be careful not to show in tables or
figures 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 figures or tables in the text.
8. Experiments Compute Resources

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

Answer: [Yes]

Justification: Details about compute resources and a discussion about memory and training
time are provided in Appendix

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).

9. Code Of Ethics

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

Answer: [Yes]

Justification: Our research aims to improve reliability of GNNs. All datasets are commonly
used benchmarks that are publicly available. Our paper fully conforms with the code of
ethics.

Guidelines:

¢ The answer NA means that the authors have not reviewed the NeurIPS Code of Ethics.

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

10. Broader Impacts

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

Answer: [Yes]

Justification: We aim to contribute to making Al more reliable by improving on uncertainty
quantification. We discuss the impact of our work beyond commonly known risks and
concerns in research on Al in Section

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 profiles, surveillance), fairness considerations
(e.g., deployment of technologies that could make decisions that unfairly impact specific
groups), privacy considerations, and security considerations.

» The conference expects that many papers will be foundational research and not tied
to particular applications, let alone deployments. However, if there is a direct path to
any negative applications, the authors should point it out. For example, it is legitimate
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
that a generic algorithm for optimizing neural networks could enable people to train
models that generate Deepfakes faster.

 The authors should consider possible harms that could arise when the technology is
being used as intended and functioning correctly, harms that could arise when the
technology is being used as intended but gives incorrect results, and harms following
from (intentional or unintentional) misuse of the technology.

« If there are negative societal impacts, the authors could also discuss possible mitigation
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 efficiency and accessibility of ML).

11. Safeguards

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.g., pretrained language models,
image generators, or scraped datasets)?

Answer: [NA]

Justification: We do not believe that model has an increased risk for misuse. We encourage
users for active evaluation of the uncertainty provided in Section [6]

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 filters.

* 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.

12. 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?
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Answer: [Yes]

Justification: We cite papers producing the commonly used node classification benchmark.
We downloaded all datasets from PyTorch Geometric, as described in Appendix (Bl We
report licenses where we could find them. All datasets have been used in open research for
several years and form a well-establish benchmark.

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
service of that source should be provided.

o If assets are released, the license, copyright information, and terms of use in the
package should be provided. For popular datasets, paperswithcode.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.

* If this information is not available online, the authors are encouraged to reach out to
the asset’s creators.
13. New Assets

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

Answer: [NA]
Justification: Our paper does not provide 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 file.
14. 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]
Justification: 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 fine, 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 NeurIPS 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
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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]
Justification: 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 significantly between institutions
and locations, and we expect authors to adhere to the NeurIPS 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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