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Abstract

How can we make graph positive-unlabeled (PU)
learning interpretable? Existing methods jointly
process node features and edge information, which
obscures their interaction and makes predictions
difficult to interpret. In this paper, we propose a
novel interpretable graph PU learning framework
that explicitly decouples feature and edge pro-
cessing, enabling multi-level interpretability. Our
framework first produces a core prediction from
node features using probabilistic circuits (PCs) and
then refines it using edge information, providing
graph-level interpretability by exposing how graph
structure affects predictions. For feature-based pre-
diction, we construct two PCs through a careful
split of the training nodes, yielding node-level in-
terpretability by highlighting which nodes sup-
port the separation of positive and negative in-
stances. Finally, by leveraging the tractability of
PCs, we obtain feature-level interpretability via
feature attribute marginalization, which quanti-
fies attribute impact and importance while reveal-
ing interactions and dependencies. Experiments
on 10 datasets show that our framework achieves
strong performance while substantially improving
interpretability. The code is available at https:
//github.com/hagad1/graphpu-cpu.

1 INTRODUCTION

Graph-structured data are prevalent across many fields, such
as social networks, recommendation systems, and natural
sciences [Kipf and Welling, 2017, Ying et al., 2018, Fan
et al., 2019, Fout et al., 2017, Sanchez-Gonzalez et al., 2020,
Wu et al., 2019]. Their growing importance has led to the
adaptation of numerous machine learning tasks to graphs
[Hu et al., 2020, Gilmer et al., 2017, Zhang et al., 2023, Yun

et al., 2021, Vignac et al., 2020, Shirzad et al., 2023, Yun
et al., 2019]. At the same time, the structural diversity of real-
world graphs makes this adaptation challenging, as models
must account for both node features and edge information,
as well as topological properties such as homophily and
heterophily [Wu et al., 2020, Zhu et al., 2020, Xia et al.,
2021, Zhou et al., 2020, Ma et al., 2022, Zheng et al., 2026,
Li et al., 2022, Platonov et al., 2023b]. These challenges
become particularly important in weakly supervised settings
such as graph positive-unlabeled (PU) learning, a node
classification task in which only a subset of positive nodes
is labeled and all remaining nodes are unlabeled [Yoo et al.,
2021, Wu et al., 2024, Kiryo et al., 2017, Garg et al., 2021].
Since no negative labels are available, existing graph PU
methods typically rely on estimating the class prior of the
positive class and then assigning pseudo-labels to unlabeled
nodes, which are subsequently used to train a graph neural
network (GNN) as a binary classifier.

A key difficulty in this setting is that prior estimation and
pseudo-label generation usually process feature and edge
information jointly. While effective, this tightly coupled pro-
cessing obscures how node attributes and graph structure
interact, making the resulting predictions difficult to inter-
pret. This lack of transparency is especially problematic
in graph PU learning, where understanding relationships
among positive nodes is crucial for separating them from
negative ones. Moreover, enhanced interpretability facilit-
ates identifying outliers and misleading connections, thereby
strengthening robustness and classification performance.

To address these issues, we propose a novel interpretable
framework for graph PU learning that provides multi-level
interpretability while remaining effective for downstream
classification. Our main contributions are as follows.

C1. Decoupling Features And Edges. We explicitly separate
feature and edge processing to decouple their contributions.
Concretely, our approach first generates predictions solely
from node features and subsequently refines these predic-
tions through an edge-based propagation mechanism. The
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resulting refined predictions can either be used directly as
final outputs or as pseudo-labels to train a GNN as a binary
classifier. Our decoupling provides graph-level interpretab-
ility, revealing how edges affect feature-based predictions.
In particular, it enables explicit analysis, control, and regu-
lation of feature–edge interactions. By generating pseudo-
labels, our approach provides additional insight into which
signals are advantageous to the learning process and which
may adversely affect model training.

C2. Probabilistic Circuits As Feature Predictors. Effective
reasoning over features requires a model that balances ex-
pressiveness, tractability, and interpretability. Probabilistic
circuits (PCs) are suited for this purpose, as they provide a
circuit-based representation of complex probability distri-
butions and support efficient inference for a wide range of
probabilistic queries [Peharz et al., 2020b, Dang et al., 2020,
Peharz et al., 2020a, Vergari et al., 2021, Liu and Van den
Broeck, 2021, Sidheekh and Natarajan, 2024]. Building on
this, we propose Probabilistic Circuits for Graph PU Learn-
ing (CPU) as the core feature-based predictor. We model
feature attributes as random variables (RVs) and employ two
PCs to estimate feature-based densities PP and PN for pos-
itive and negative nodes, respectively. Since negative labels
are missing, we construct PN as a contrastive counterpart
to PP by carefully splitting the node set for the respective
training of each PC. We then derive predictions by evaluat-
ing the log-likelihood ratio between the two models. CPU
provides node-level interpretability as modeling densities
trained on two node sets highlights which nodes support
separating positive instances from negative ones.

C3. Feature Attribute Marginalization. Beyond node-level
explanations, we leverage the tractability of PCs to obtain
feature-level interpretability. In contrast to existing methods
that typically use all feature attributes without assessing their
individual influence, we compute marginal log-likelihoods
by selectively marginalizing feature attributes. This allows
us to quantify feature attribute impact and importance and
to analyze dependencies and interactions among attributes,
thereby clarifying which features drive the predictions.

Our experiments show that our framework significantly out-
performs existing methods on many heterophilic graphs, ad-
vancing the state of the art across various datasets. Moreover,
it provides an effective means to generate pseudo-labels for
training highly competitive GNNs, matching or surpass-
ing iterative methods that optimize more complex objective
functions [Yoo et al., 2021, Wu et al., 2024]. Overall, our res-
ults show that strong predictive performance and multi-level
interpretability, namely on graph-, node-, and feature-levels,
can be achieved jointly in graph PU learning.

The remainder of this work is organized as follows. Sec-
tion 2 introduces notations, preliminaries, and related work
on graph PU learning and PCs. Our interpretable graph PU
learning framework is presented in Section 3. Experimental

results are shown in Section 4, followed by a discussion. We
conclude our work in Section 5 with potential future work.

2 PRELIMINARIES & RELATED WORK

Notation We denote RVs by uppercase letters X , their
domain by Dom(X), and their values by lowercase letters
x ∈ Dom(X). Boldface uppercase letters X and boldface
lowercase letters x denote sets of RVs and their values, re-
spectively. For a graph G = (V, E) with nodes V and edges
E , we denote the adjacency matrix by A ∈ {0, 1}|V|×|V|,
where aij = 1 iff (νi, νj) ∈ E , and aij = 0 otherwise. We
consider undirected graphs, i.e., (νi, vj) = (νj , νi). Each
node νi is characterized by a d-dimensional feature vec-
tor, yielding a feature matrix X ∈ R|V|×d. We denote by
FS = {xi | νi ∈ S} the features of nodes S ⊆ V , where
xi is the feature assignment of νi.

2.1 GRAPH NEURAL NETWORKS

Graph neural networks (GNNs) are a class of neural net-
works specifically designed for graph-structured data. They
operate by iteratively updating node representations based
on information aggregated from neighboring nodes. This
is achieved through message-passing mechanisms, which
combine local neighborhood information with learnable
transformation functions. Formally, a GNN f(A,X ) with
H0 = X and L layers processes the graph data in layer l as
follows [Luo et al., 2024]:

H l
v = UPDATEl(H l−1

v ,AGGl({H l−1
u | u ∈ N(v)})),

where N(v) represents the neighbors of v, AGGl represents
a message aggregation function, and UPDATEl an update
function. The last layer HL = f(A,X ) yields the output
of the GNN. Despite their strengths, GNNs require careful
consideration when applied to graphs that yield different
types of structural properties.

Homophilic & Heterophilic Graphs The homophily or
heterophily ratio within a graph significantly affects the ef-
fectiveness of GNN models [Platonov et al., 2023a, Luan
et al., 2022]. Homophilic graphs are characterized by edges
that mostly connect nodes of the same class. This structure
aligns well with message-passing frameworks, which im-
plicitly assume that information from neighboring nodes
reinforces a node’s own representation. As a result, classic
GNNs perform well in such settings by leveraging this local
consistency. In contrast, heterophilic graphs exhibit con-
nections between nodes of different classes. This structural
property undermines the assumptions of homophily, often
causing message passing to propagate misleading signals.
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2.2 GRAPH POSITIVE-UNLABELED LEARNING

Graph positive-unlabeled (PU) learning is a weakly super-
vised binary node classification task that can be formulated
as follows:

Definition 2.1 (Graph PU Learning [Yoo et al., 2021]). Let
G = (V, E) be a graph. Let P be a set of observed positive-
labeled nodes and U = V \ P be the remaining, unlabeled
nodes. The goal of graph PU learning is to train a binary
classifier that accurately predicts the unknown labels of U .

The key challenge is that only positively labeled nodes are
observed. In the absence of negative labels, standard su-
pervised objective functions for GNNs are inapplicable. To
address this, recent works have reformulated the learning
objective by means of a mixture model:

P(X ,A) = πPPP (X ,A) + (1− πP )PN (X ,A),

where P(X ,A) is the unconditional node distribution, and
PP (X ,A) and PN (X ,A) are class-conditional distribu-
tions for positive and negative nodes, respectively.

The positive class prior πP represents the fraction of positive
nodes among the unlabeled nodes. However, it is usually not
expected that πP is known since no information on negative
labels is given. Thus, recent approaches have focused on
estimating the true class prior πP utilizing the graph struc-
ture and positive labeled nodes. GRAB [Yoo et al., 2021]
addresses graph PU learning by modeling the graph as a
Markov network, i.e., an undirected probabilistic graphical
model, and iteratively estimates the unknown class prior
through belief propagation, alternating between marginal
probability estimation and classifier training. GPL [Wu et al.,
2024] further improves graph PU learning on graphs with
heterophilic structures. It introduces a label propagation loss
to reduce heterophily by strengthening homophilic edges
and weakening heterophilic ones, using a bilevel optimiza-
tion: the inner loop optimizes the graph structure reducing
heterophily, while the outer loop trains a classifier on the
adjusted graph. This mitigates the violation of irreducibility
assumptions in class-prior estimation.

2.3 PROBABILISTIC CIRCUITS

PCs are a class of circuit-based tractable probabilistic mod-
els designed to represent and reason about complex prob-
ability distributions. In contrast to many deep generative
models, PCs offer direct access to and modification of the
underlying probability distribution, effectively bridging ex-
pressiveness, tractability, and interpretability [Kingma and
Welling, 2014, Goodfellow et al., 2014, Rezende et al., 2014,
Tan and Peharz, 2019, Shih and Ermon, 2020, Peharz et al.,
2020b, Papamakarios et al., 2021, Liu and Van den Broeck,
2021, Liu et al., 2023, Sidheekh and Natarajan, 2024]. Form-
ally, a PC P (X) defined over RVs X is a directed acyclic

Figure 1: An exemplary decomposable and smooth PC.

graph where each node n encodes a distribution

Pn(xn) =


pn(xn), if n is a leaf node∑

c∈ch(n) θc|nPc(xc), if n is a sum node∏
c∈ch(n) Pc(xc), if n is a prod. node,

where ch(n) denotes the child nodes of node n, and θc|n
defines a weight parameter for the edge between sum node n
and its child node c. For leaves, pn(xn) is a tractable probab-
ility distribution (mostly categorical distributions or univari-
ate Gaussians) defined over the RV scope ϕ(n) = Xn ⊆ X .
To evaluate p(x) for a given sample x ∈ Dom(X), the val-
ues are propagated from the leaf nodes to the root node
nr, usually a sum node that encodes the final output. PCs
allow for tractably computing a wide range of probabilistic
queries when structural constraints are imposed.

Typically, the structure of PCs is learned from data using al-
gorithms designed explicitly to ensure that these constraints
are met. Two fundamental structural properties are decom-
posability and smoothness, which enable tractable & exact
(conditional) marginal queries [Choi et al., 2020].

Definition 2.2 (Decomposability and Smoothness [Liu et al.,
2023]). A PC is smooth if for a sum node ns, all its children
have the same scope: ∀c1, c2 ∈ ch(ns), ϕ(c1) = ϕ(c2).
A PC is decomposable if the children of a product node
np have disjoint scopes: ∀c1, c2 ∈ ch(np) with c1 ̸= c2 :
ϕ(c1) ∩ ϕ(c2) = ∅.

An exemplary decomposable and smooth PC representing a
distribution P (X1, X2) over two RVs X1, X2 is illustrated
in Fig. 1 (weight parameters are omitted). In particular, de-
composability ensures that product nodes represent fully
factorized distributions by enforcing that their input distribu-
tions do not have common RVs, while smoothness ensures
that sum nodes represent valid probabilistic mixtures by
enforcing their inputs to share the same RVs.

3 PROPOSED METHOD

We introduce a probabilistic framework for interpretable
and modular graph PU learning. The key idea is to explicitly
decouple feature and edge processing. First, we perform
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CPU - Probabilistic Circuits for Graph PU Learning LP - Log-likelihood Propagation
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Figure 2: Overview of our interpretable PU learning framework, which decouples feature and edge processing. CPU first
trains PCs on a specific node split; each PC takes a carefully-selected subset of nodes. Node features are then evaluated to
compute log-likelihoods, which are subsequently refined via LP. The log-likelihood ratio is then used to derive pseudo-labels.

probabilistic predictions based solely on node features; sub-
sequently, we refine these predictions through an edge-based
refinement step using log-likelihood propagation (LP) (Sec-
tion 3.1). At the core of the feature-based model, we model
two separate PCs to estimate the densities of positive and
negative nodes, respectively. Predictions are obtained by
evaluating the corresponding log-likelihood ratio for each
node feature. This dual-PC design yields interpretability at
both node- and feature-levels (Section 3.2). Specifically, we
partition the nodes into two subsets, each used to train one of
the PCs. This separation allows for controlling the influence
of different node subsets on density estimation. The tract-
ability of PCs further enables efficient marginalization over
feature attributes, providing feature-level interpretability.
An overview of the framework is presented in Fig. 2.

3.1 INTERPRETABLE FRAMEWORK BASED ON
FEATURE-EDGE DECOUPLING

Separating feature and edge processing allows us to ana-
lyze their individual effects and also interactions; it facil-
itates understanding of how well feature-only predictions
perform, whether incorporating edge information improves
or degrades performance, and how structural information
contributes overall to the predictive process.

Given that graph PU learning is a weakly supervised prob-
lem characterized by substantial uncertainty, we employ a
probabilistic feature-based predictor as the core modeling
component. To accurately capture dependencies among fea-
ture attributes in X , we construct probabilistic models over
a set of discrete RVs X = {X1, . . . , Xd}, where each RV
Xi corresponds to the i-th feature attribute and takes values
in Dom(Xi). To further enhance modeling flexibility, we
apply simple binning strategies to discretize continuous fea-
tures at varying levels of granularity. More specifically, for
a given threshold ϵ, we discretize the features via ⌊xi

ϵ ⌋, al-

lowing us to explicitly control and regulate the domain size
|Dom(Xi)| of each feature attribute and thus the modeling
granularity for the probabilistic models.

Log-Likelihood Ratio of Two Probabilistic Models In-
stead of relying on a single probabilistic model, we evalu-
ate node features using two separate models, PP (X) and
PN (X), which estimate the feature-based densities of pos-
itive and negative nodes, respectively. Because explicit
negative labels are unavailable and independence assump-
tions may be violated due to structural dependencies in
graph data, we construct PN as a contrastive counterpart to
PP . More specifically, we first train PP and compute the
log-likelihoods ℓP =

[
PP (xi)

]
xi∈FV

for all nodes. The
log-likelihoods are then used to identify suitable samples
for training PN , yielding corresponding log-likelihoods
ℓN =

[
PN (xi)

]
xi∈FV

. This dual-model strategy enables a
node-level split that facilitates effective training of PP and
PN on selected subsets of nodes, improving the estimation
of the underlying class-conditional densities. In particular,
we provide flexibility w.r.t model choice, training data, and
parameterization, particularly enabling controlled and class-
specific training of the respective models.

The final pseudo-labels for unlabeled nodes U based on the
log-likelihood ratio are derived as follows:

ŷF (xu) =

{
1 if ℓPu

ℓNu
≤ 1,

−1 otherwise,
(1)

where ŷF (xu) denotes the feature-based predicted label for
xu ∈ FU . The ratio assigns an unlabeled node a positive
label if ℓPu ≥ ℓNu and a negative label otherwise.

Node Splitting To train PP and PN for feature-based
density estimation, a central challenge is selecting suitable
training data which requires splitting the nodes. It is cru-
cial to choose the splitting such that positive and negative
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nodes can be separated effectively through the respective
log-likelihoods. To address this, we propose the following
node splitting strategies:

S1. P vs. U : Using all positively labeled nodes P for PP

and all unlabeled nodes U for PN offers a simple yet ef-
fective splitting, particularly when unlabeled features are
sufficiently distinct from those of the positive ones. How-
ever, this approach may lead to imbalances when the sizes
of P and U differ significantly.

S2. P vs. worst-k% ℓP : To provide a more conservative
selection of nodes for PN , we select the k% of nodes with
the lowest log-likelihoods in PP , providing a data-driven
method to select the nodes based on positive features FP .
While this approach generally allows for regulating the num-
ber of nodes to train PN for more balanced models, it also
accounts for potential outliers in FP .

S3. P vs. worst-kU% ℓP : This strategy is similar to S2, but it
avoids using the nodes in P for constructing PN by selecting
among the worst k% log-likelihoods only unlabeled nodes
from U , making an even more conservative selection.

S4. V vs. U : If FP and FU have similar features, it can be
useful to use all available features FV for PP to provide
more training data while explicitly strengthening the positive
log-likelihoods since they are excluded in PN .

Edge Refinement Via Log-Likelihood Propagation
Adding structural information in a separate step enables
clearer analysis of how features and edges interact and indi-
vidually contribute to prediction performance. This is partic-
ularly valuable when handling graphs with varying degrees
of heterophily. Inspired by label propagation [Wu et al.,
2024], we adopt a simple yet effective technique to refine
feature-based predictions with structural information. Our
approach remains transparent in how edge information af-
fects the feature-based predictions, yet flexible enough to
regulate its influence among diverse graph structures. Given
the feature-based log-likelihoods L = [ℓN , ℓP ] from the
probabilistic models, we propagate them as follows:

L̃m = (1− α)L̃m−1 + αD−1AL̃m−1,

where D is the degree matrix and L̃0 = L. Isolated nodes,
i.e., nodes with degree 0, are excluded from the propagation
and keep their feature-based log-likelihoods. The parameter
m provides a general means to incorporate and strengthen
multi-hop message passing, while α ∈ [0, 1] controls the in-
fluence of neighboring nodes. These parameters particularly
allow for adapting LP to various graph datasets, as struc-
tural information tends to be more beneficial for homophilic
graphs and less so for heterophilic ones.

For the final prediction, we train a GNN classifier and use
the log-likelihood ratio w.r.t. the refined log-likelihoods
L̃ = [ℓ̃N , ℓ̃P ] to predict ŷ according to Eq. (1) to set pseudo-

labels ŷpseudo = [ŷpseudo(xi)]xi∈FV as follows:

ŷpseudo(xi) =

{
ŷ(xi) if xi ∈ FU

+1 if xi ∈ FP .

We use the pseudo-labels ŷpseudo as the training object-
ive of the GNN to minimize the standard cross-entropy
loss. Figure 2 depicts the decoupled procedure for pseudo-
label generation, where CPU is our specific instance of the
feature-based prediction method discussed next.

3.2 CPU: USING PROBABILISTIC CIRCUITS AS
FEATURE PREDICTORS

Various generative probabilistic models can serve as feature-
based predictors. However, many of these models do not
offer direct access to the underlying probability distribu-
tion, making it difficult to perform advanced probabilistic
queries, such as marginal queries, in a tractable way [Choi
et al., 2020]. We introduce CPU as our core feature-based
predictor, leveraging PCs to meet the following conditions:

Condition 1 (Data-Driven Estimation). Given a set of train-
ing nodes S ⊆ V with corresponding features FS , any prob-
abilistic model P (X) shall be estimated in a data-driven
manner by maximizing the log-likelihood

∑
xs∈FS

ℓs.

Condition 2 (Tractability). Any model P should be able to
compute the marginal log-likelihood ℓi over RVs X ′ ⊆ X
exactly for any feature assignment x′

i ∈ Dom(X ′), in time
polynomial in the size of the model P .

Condition 1 particularly ensures that PP effectively captures
the underlying distribution of positively labeled data FP .
Specifically, by including P to train PP , we increase the
model’s confidence in feature assignments that resemble
those of positively labeled nodes. While many existing mod-
els can satisfy Condition 1, our goal is to analogously satisfy
Condition 2. Traditional probabilistic models often suffer
from exponential complexity with respect to the number
of RVs d = |X|, typically relying on approximate infer-
ence to maintain tractability. To support exact and tract-
able inference that satisfies both Conditions 1 and 2, we
employ structured PCs that balance expressivity, tractab-
ility, and interpretability [Sidheekh and Natarajan, 2024].
For the backbone PC structure, we use Hidden-Chow-Liu-
Trees (HCLTs) [Liu and Van den Broeck, 2021].

Hidden-Chow-Liu-Tree (HCLT) The HCLT approach
constructs a PC starting with a Chow-Liu Tree (CLT), a
tree-structured Bayesian network that models dependencies
among feature RVs by maximizing pairwise mutual inform-
ation. A CLT captures key interactions between feature
attributes while encoding conditional independencies within
its tree structure, offering insights into the (in)dependencies
among RVs. HCLT extends this framework by introducing
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a latent RV for each feature attribute RV Xi ∈ X . The res-
ulting structure ensures is smooth and decomposable [Liu
and Van den Broeck, 2021].

Once the PC structure is built, PC parameters are usu-
ally learned using the Expectation-Minimization (EM) al-
gorithm in terms of PC flows. Simply put, PC flows capture
which edges are activated during log-likelihood evaluation
ℓi = P (xi). The learning process adjusts parameters in a
data-driven way s.t. edges with higher cumulative flows are
strengthened. We refer to [Choi et al., 2021, Liu et al., 2024]
for more details on the explicit calclulation of PC flows.

Lemma 3.1. Employing HCLT-structured PCs PP , PN ,
combined with parameter learning via the EM algorithm
satisfies both Conditions 1 and 2.

Proof. Condition 2 holds due to the structural properties of
HCLTs, namely smoothness and decomposability, which
ensure exact and tractable inference of marginal queries
[Choi et al., 2020]. Condition 1 is satisfied using the EM
algorithm, which performs maximum-likelihood estimation
to maximize the log-likelihood of the training data.

Feature Attribute Marginalization The previously de-
scribed log-likelihood evaluation in CPU utilizes all avail-
able node feature attributes X to train PP . However, to
obtain deeper insights into how individual feature attributes
influence the predictions, we further leverage the tractabil-
ity of PCs by explicitly incorporating marginalization over
selected RVs which correspond to specific feature attrib-
utes. More precisely, we train the positive PC PP (x) on
the full set of feature attributes in order to retain relevant
dependencies and interactions. During inference, however,
we then evaluate log-likelihoods only on a subset of features
X ′ ⊆ X of dimension d′, i.e., we query marginals PP (x

′
i)

with x′
i ∈ Dom(X ′). This effectively enables reducing the

features considered during log-likelihood evaluation, mitig-
ating the influence of noisy or less informative features that
may interfere the separation of positive and negative nodes.
In addition, this procedure enables assessing the contribu-
tion and importance of individual feature attributes.

Generally, any statistics can be used to determine the subset
X ′. In our approach, we select the attributes based on the
variance (before discretization) among positive node fea-
tures FP, the sole source of data. The variance provides a
simple measure of how consistently a feature attribute char-
acterizes the positive nodes. While low-variance attributes
capture properties shared across positive instances, a high
variance may indicate attributes which are less representat-
ive of a positive node. Thus marginalizing the latter allows
for reducing the influence of potentially noisy attributes. We
therefore first determine the variances

vars(FP) = {var(xi,j | xi ∈ FP)}dj=1,

where xi,j is the j−th attribute of the feature xi. Then we
marginalize out those attributes Xmar that yield the k%
highest variances, i.e.,

PP (X
′) =

∑
Xmar

PP (X), with X ′ = X \Xmar,

which can be evaluated for x′
i ∈ Dom(X ′) in a tractable

manner by Lemma 3.1. We only perform marginalization
for PP as it is explicitly trained with observed positive node
features FP . By doing so, we enable evaluating marginal log-
likelihoods to reduce the reliance on attributes along which
positive nodes differ most strongly, thereby encouraging the
model to focus on more stable attributes.

3.3 MULTI-LEVEL INTERPRETABILITY

Our framework enables a comprehensive analysis of how
different graph components influence predictions. In partic-
ular, it reveals (i) which components contribute most to the
decision, (ii) how component interact and affect outcomes,
and (iii) which components enhance or degrade perform-
ance. To do so, we provide interpretability as follows.

We achieve graph-level interpretability by explicitly sep-
arating feature and edge processing, enabling explicitly as-
sessing the impact of structural information. Comparing
feature-based predictions with edge-refined outputs clari-
fies whether relational information improves or degrades
performance and allows regulation of graph connectivity
effects. When refined log-likelihoods are used as pseudo-
labels for training a GNN, we can identify which training
signals contribute most reliably to strong performances.

We achieve node-level interpretability by training separate
PCs on different node subsets, providing insight into which
nodes best capture positive and negative classes. Controlled
node-splitting strategies allow us to study how training com-
position affects class separation. Moreover, the HCLT back-
bone of our PCs exposes structural (in)dependencies among
nodes, highlighting interrelations among node features.

We achieve feature-level interpretability since CPU relies on
tractable PCs. In particular, the marginalization of feature
attributes enables assessing individual feature importance
and detection of noisy attributes. Additionally, the expli-
cit encoding of feature (in)dependencies within the HCLT-
structure of our PCs provides insights into intrinsic feature
interactions and their influence on predicted log-likelihoods.

Please note that the interpretability considered in this work
does not refer to post-hoc explainability, but rather to trans-
parency by design. Specifically, the notion of interpretability
considered here is architectural rather than based on aux-
iliary explanation modules. By doing so, our framework
represents a meaningful step towards providing insights into
how different components interact and individually contrib-
ute to prediction performance.
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Table 1: Mean F1 Scores and Standard Deviations Across Various Homophilic (Left) and Heterophilic (Right) Graph
Datasets. Baseline Results are Taken From [Wu et al., 2024]. We Report Results for CPU as a Standalone Classifier (CPU),
CPU With LP as a Standalone Classifier (CPU-LP), CPU for Pseudo-Labeling and Training a GNN (CPU-GNN), CPU With
LP for Pseudo-Labeling and Training a GNN (CPU-LP-GNN). Bold Indicates Best, Underlined Second-Best Performance.
For our Proposed Models, the Respective Accuracies (%) are Further Reported.

Cora Pubmed Citeseer Wiki-CS Cornell Chameleon Squirrel Actor Wisconsin Texas

DATASET STATISTICS

# Edges 10, 556 88, 648 9, 104 216, 123 298 36, 101 217, 073 30, 019 515 325
# Nodes 2, 708 19, 717 3, 327 11, 701 183 2, 277 5, 201 7, 600 251 183
# Positive 818 7, 875 701 2, 679 82 521 1, 042 1, 965 118 101
# Negative 1, 890 11, 842 2, 626 9, 022 101 1, 756 4, 159 5, 635 133 82
Feature dim. 1, 433 500 3, 703 300 1, 703 2, 325 2, 089 932 1703 1, 703
Het. ratio 0.19 0.20 0.26 0.35 0.70 0.77 0.78 0.78 0.79 0.89

F1 SCORE ON U NODES

GCN 25.2±5.2 19.7±3.1 25.7±3.1 35.4±4.1 1.4±2.9 0.7±0.6 0.8±0.7 0.6±0.3 0.9±1.8 1.3±3.0

MLP 16.6±8.1 8.0±9.0 4.2±8.4 5.4±8.4 11.3±9.1 18.8±6.9 14.8±6.4 17.6±8.1 15.9±8.9 11.3±9.2

GCN+TED 80.1±0.8 75.4±0.4 70.0±1.4 80.6±0.5 13.9±5.5 17.5±3.5 22.8±1.3 27.6±1.0 19.6±6.1 11.9±5.0

MLP+TED 24.4±9.2 15.6±19.1 10.6±9.5 16.2±7.5 29.2±9.5 26.5±4.1 31.4±2.6 43.3±6.7 40.4±9.1 41.0±7.9

GCN+NNPU 76.7±0.9 76.5±2.3 66.2±1.1 71.1±0.6 11.7±6.3 28.2±9.2 15.5±12.6 25.2±21.7 15.5±8.6 22.8±19.7

MLP+NNPU 25.2±5.6 34.2±2.3 12.9±9.8 24.4±5.1 32.9±4.9 21.0±3.7 32.1±5.6 43.2±2.6 35.6±5.2 40.1±6.2

LSDAN 63.5±4.1 69.6±0.4 47.0±19.0 80.4±0.9 26.8±4.3 30.2±8.5 25.5±9.3 38.4±9.2 25.5±8.6 41.8±9.7

GRAB 80.4±0.2 71.6±0.3 69.7±0.4 79.4±1.0 30.6±9.0 15.5±2.2 29.0±8.4 25.2±0.7 39.5±9.6 40.2±8.2

PU-GNN 79.8±0.3 73.0±0.4 69.5±0.4 80.3±1.8 28.3±3.9 31.5±6.3 29.5±4.8 32.6±8.4 27.8±8.2 42.3±9.4

GPL 81.9±0.5 79.1±0.4 74.1±0.9 82.3±0.8 37.9±1.3 36.2±1.4 37.7±5.8 48.0±4.2 45.2±2.7 46.3±3.2

CPU (ours) 37.4±0.3 46.8±1.8 34.1±2.6 66.7±1.5 57.0±0.5 28.7±1.4 36.5±1.3 41.2±0.7 64.1±2.1 65.8±2.3

CPU-LP (ours) 78.0±1.8 65.3±1.2 62.8±1.4 78.5±0.9 48.4±1.4 26.2±1.2 5.2±0.8 19.0±0.8 59.0±0.7 67.9±1.2

CPU-GNN (ours) 65.1±0.5 70.2±0.7 55.1±3.3 81.3±0.7 55.2±0.9 44.0±0.6 21.0±3.7 21.5±3.1 60.5±1.8 65.2±0.8

CPU-LP-GNN (ours) 82.4±1.5 78.2±0.6 71.9±0.6 83.2±0.4 45.9±1.0 27.7±2.0 0.0±0.0 24.1±1.7 55.5±1.1 67.4±1.2

ACCURACY ON U NODES

CPU (ours) 72.9±0.2 78.7±0.4 88.3±0.3 91.5±0.4 64.1±0.9 71.4±0.7 82.8±0.4 81.3±1.0 72.1±1.9 67.8±3.2

CPU-LP (ours) 92.0±0.6 83.3±0.4 91.1±0.4 94.6±0.3 40.0±2.2 44.8±9.8 88.8±0.1 68.7±2.1 63.9±1.5 67.1±1.7

CPU-GNN (ours) 86.9±0.3 87.0±0.2 92.3±0.4 95.2±0.2 59.2±1.8 82.7±1.6 88.8±0.2 83.2±0.7 65.9±1.6 63.5±1.9

CPU-LP-GNN (ours) 93.6±0.5 89.3±0.2 93.4±0.2 95.7±0.1 32.1±2.7 41.8±11.9 88.9±0.0 81.2±2.3 58.3±1.0 65.3±2.2

4 EXPERIMENTS

We conduct experiments to assess the effectiveness of the
complementary components of our graph PU learning frame-
work. In particular, we measure F1 scores and accuracies
for classification, compare node splitting methods for CPU,
and evaluate the impact of feature attribute marginalization
on the performance. Additional experiments on hyperpara-
meter sensitivity and the effect of the size of P can be found
in the appendix.

4.1 SETTING

Datasets We adopt homophilic and heterophilic graph
datasets from previous works, namely Cora, Pubmed,
Citeseer, Wiki-CS as homophilic ones and Cornell,
Chameleon, Squirrel, Actor, Wisconsin, Texas
as heterophilic ones [Wu et al., 2024]. We use the datasets
provided in PyTorch Geometric (PyG) [Fey and Lenssen,
2019]. We converted directed graphs to undirected ones and
used normalized row features for datasets with binary fea-
tures. The dataset statistics are given in Table 1. Following
previous works, we modify the class labels for the graph
PU learning setting such that the largest class is designated

as the positive class, while all remaining classes are col-
lectively treated as the negative class [Yoo et al., 2021, Wu
et al., 2024].

Experimental Setup To align with previous works on
graph PU learning, we randomly select 50% of the positive
nodes and use them as observed positive nodes P . The other
50% of positive nodes together with the negatively labeled
nodes are treated as unlabeled nodes U . Our GNN is a one-
hidden layer graph convolutional network (GCN) with a
hidden dimension of 16 using the Adam optimizer for train-
ing with a learning rate of 0.01. For the PCs in CPU, we use
the HCLT implementation provided by Pyjuice [Liu et al.,
2024]. We use discrete RV for feature attributes. We use
specific hyperparameters, including the node splitting and
feature attribute marginalization, which have been chosen
by a simple hyperparameter search. We refer to the appendix
for details on the hyperparameters used to produce the res-
ults in Table 1. We compare our results to several baseline
methods where we adapt the performances reported in [Wu
et al., 2024]. For more details on the baseline approaches,
we refer to that work. We averaged our results for 5 runs
using different random seeds, providing different subsets of
P nodes. We conducted our experiments on a machine with
an NVIDIA GeForce RTX 3070 Ti Laptop GPU.
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Table 2: Mean F1 Scores, Accuracies, and Standard Deviations Across Homophilic Graph Datasets with Varying Propagation
Steps m for the LP Models. The Best Performing Results for CPU and CPU-GNN are Highlighted in Bold.

Cornell Chameleon Squirrel Actor Wisconsin Texas
m Method F1 Acc F1 Acc F1 Acc F1 Acc F1 Acc F1 Acc

m = 1
CPU-LP 40.6±1.9 35.6±1.5 26.2±1.2 44.8±9.8 5.2±0.8 88.8±0.1 19.0±0.8 68.7±2.1 21.6±3.6 38.9±2.9 45.3±2.1 43.2±1.4

CPU-LP-GNN 46.2±1.2 37.7±0.3 27.7±2.0 41.8±11.9 0.0±0.0 88.9±0.0 24.1±1.7 81.2±2.3 35.4±3.6 46.0±4.2 51.2±1.9 44.1±2.9

m = 2
CPU-LP 48.4±1.4 40.0±2.2 24.6±1.4 25.7±6.1 3.2±1.4 89.0±0.1 21.3±2.1 81.1±1.0 59.0±0.7 63.9±1.5 67.9±1.2 67.1±1.7

CPU-LP-GNN 45.9±1.0 32.1±2.7 24.0±1.0 21.3±5.4 0.0±0.0 88.9±0.0 7.2±4.3 84.8±0.2 55.5±1.1 58.3±1.0 67.4±1.2 65.3±2.2

m = 3
CPU-LP 43.6±0.7 31.8±0.8 25.7±2.9 32.5±15.9 0.4±0.4 88.9±0.0 11.6±2.6 78.7±1.9 26.6±4.7 40.1±1.2 50.6±1.7 45.7±0.9

CPU-LP-GNN 45.2±0.7 30.7±1.2 25.7±3.0 30.5±16.7 0.0±0.0 88.9±0.0 9.2±5.6 84.1±1.1 35.6±3.2 44.1±2.5 54.9±1.5 45.6±2.8

m = 4
CPU-LP 45.6±0.6 31.5±1.4 23.9±1.2 20.7±5.7 0.0±0.0 88.9±0.0 9.1±1.7 84.1±0.3 54.9±2.2 58.6±4.2 64.4±1.9 60.9±2.6

CPU-LP-GNN 44.9±0.1 29.0±0.3 23.5±0.9 16.5±5.5 0.0±0.0 88.9±0.0 0.7±0.5 85.1±0.0 53.1±1.6 55.1±2.8 63.3±1.2 58.0±1.8

m = 5
CPU-LP 44.8±0.2 29.3±0.3 24.9±2.4 27.2±14.9 0.0±0.0 88.9±0.0 4.0±0.9 83.5±0.3 32.9±8.5 40.7±2.2 51.9±1.8 44.2±2.1

CPU-LP-GNN 44.8±0.0 28.9±0.0 24.9±2.4 25.4±15.4 0.0±0.0 88.9±0.0 0.5±0.3 85.0±0.1 39.3±6.1 42.2±1.7 55.0±1.5 44.1±2.9

CPU 57.0±0.5 64.1±0.9 28.7±1.4 71.4±0.7 36.5±1.3 82.8±0.4 41.2±0.7 81.3±1.0 64.1±2.1 72.1±1.9 65.8±2.3 67.8±3.2

CPU-GNN 55.2±0.9 59.2±1.8 44.0±0.6 82.7±1.6 21.0±3.7 88.8±0.2 21.5±3.1 83.2±0.7 60.5±1.8 65.9±1.6 65.2±0.8 63.5±1.9

Table 3: Mean F1 Scores and Standard Deviations Across two Homophilic and Two Heterophilic Graph Datasets for the
Best Model in Table 1 with Different Node Splitting Methods.

Dataset Classifier P − U P − w-25% P − w-50% P − w-75% P − w-25U% P − w-50U% P − w-75U% V − U
F1 SCORE ON U NODES

Cora CPU-LP-GNN 81.4±2.3 40.5±3.0 81.2±1.4 80.5±1.7 40.5±3.0 81.0±1.4 80.8±2.1 30.2±0.0

Pubmed CPU-LP-GNN 77.6±1.2 57.5±2.2 74.1±1.3 76.4±1.1 57.6±2.3 75.2±0.7 77.7±0.5 40.3±0.5

Cornell CPU 55.4±1.3 53.1±0.7 57.2±1.3 55.5±1.4 53.1±0.7 56.4±1.1 56.0±1.7 44.9±0.1

Chameleon CPU-GNN 0.0±0.0 23.1±0.4 13.4±1.0 1.0±0.7 23.2±0.3 12.2±2.8 0.5±0.5 44.0±0.6

4.2 RESULTS

We now present our results guided by the subsequent ques-
tions addressing different aspects of our framework.

Q1. What Does Decoupling Features and Edges Reveal?
As shown in Table 1, decoupling feature and edge informa-
tion exposes their distinct and dataset-dependent effects on
graph PU learning. When CPU is used as a standalone clas-
sifier, subsequent LP significantly improves performance
on homophilic datasets but mostly degrades it on hetero-
philic ones, highlighting the sensitivity to edge informa-
tion in such settings. The results in Table 2 further support
this finding, showing that increasing the number of itera-
tions m for LP generally does not outperform the perform-
ance of the CPU and CPU-GNN models. In particular, sole
feature-based predictions already achieve strong results on
heterophilic datasets, where CPU alone is able to signific-
antly outperform the baselines. Moreover, pseudo-labeling
with our decoupled approach emphasizes the importance
of controlling feature–edge interactions. Using CPU-LP
to generate pseudo-labels for a GNN classifier mostly per-
forms worse on heterophilic datasets, whereas CPU-only
pseudo-labels alone can provide stronger supervision and
even outperform baselines that combine feature and edge
processing. However, CPU-LP pseudo-labels show superior
performance for the homophilic datasets, highlighting the
contribution of LP. Overall, no configuration consistently
dominates across datasets, underscoring the importance of
regulating feature–edge interactions in graph PU learning.

Q2. Does the Decoupling Harm the Performance? Table 1
demonstrates that our framework outperforms the baselines
on four out of six heterophilic datasets, with particularly
impressive improvements on Cornell, Wisconsin, and
Texas. Moreover, we observe that our approach achieves
highly competitive performance on Squirrel, while be-
ing more stable compared to the baselines. The lack of im-
provements on Actor, the only heterophilic dataset where
our method falls short, suggests that the available positive
features FP are not very informative for classification. On
homophilic datasets, CPU-derived pseudo-labels prove use-
ful, being particularly effective as a training objective to
train a highly competitive GNN for graph PU learning. Our
approach outperforms baselines on Cora and Wiki-CS,
while being competitive for the remaining datasets with
the second-best performance. Overall, we further note the
general robustness of our results for heterophilic datasets,
showing particularly small standard deviations compared to
the baselines. As F1 scores alone may not fully reflect clas-
sification performance, we additionally report accuracies,
confirming the strong performance across both graph types.

Q3. How Does Node Splitting Affect CPU Performance?
The results in Table 3 show that our dual-model approach
offers considerable flexibility in controlling feature-based
predictions through the choice of a specific node split. In par-
ticular, we observe that the partitioning between PP and PN

influences CPU performance in a dataset-dependent manner.
For datasets such as Cora and Cornell, most splitting
strategies lead to minor performance variations, while still
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Table 4: Mean F1 Scores and Standard Deviations for Un-
labeled Nodes Evaluated for the Best Model in Table 1 With
and Without Marginalization as well as Increased Number
of Marginalized Feature Attributes.

Method Cora Pubmed Cornell Chameleon
F1 SCORE ON U NODES

w/o Marginalization 76.9±2.6 74.7±2.7 47.0±3.6 15.2±12.0

Marginalization (Table 1) 82.4±1.5 78.2±0.6 57.0±0.5 44.0±0.6

Increased Marginalization 77.1±1.4 72.9±6.8 54.2±1.2 37.1±0.9

enabling notable improvements with a proper choice. In
contrast, datasets like Chameleon show substantial per-
formance differences across splits, indicating that achieving
strong results requires a carefully selected node split. This
highlights both the adaptability and the sensitivity of CPU
to the splitting, underscoring that graph PU learning benefits
from dataset-specific evaluation of node contributions.

Q4. How Does Marginalization Affect CPU Performance?
Table 4 demonstrates that marginalizing feature attributes
has a clear impact on the performance w.r.t. the F1 score.
In particular, the performance consistently drops across all
listed datasets when no marginalization is applied, indicat-
ing for our learned models that removing selected feature
attributes helps to obtain log-likelihoods that better distin-
guish positive and negative nodes. Moreover, our results
indicate that marginalization must be carried out carefully,
using appropriate statistics or heuristics as feature attributes
can exhibit significant dependencies and interactions. In par-
ticular, we observe that even a slight increase in the number
of marginalized attributes can result in noticeable perform-
ance changes. This highlights that feature attributes should
not be marginalized arbitrarily and further emphasizes the
significant impact of marginalization in graph PU learning.

4.3 DISCUSSION

Our framework provides novel methods to interpret and
regulate several components in graph PU learning. Further-
more, it enables strong results on various datasets, overall
establishing feature-based predictions as strong baselines.
Notably, CPU performs well as a standalone classifier on
heterophilic graphs, while a simple LP step further boosts
performance on homophilic ones, offering a transparent al-
ternative to black-box models. Moreover, across both graph
types, feature-based pseudo-labels consistently provide a
simple yet effective basis for training GNNs. While CPU
offers a strong foundation for more reliable graph PU learn-
ing, it currently lacks a generalized algorithm for diverse
datasets. Moreover, although our framework is generally
performing well, its peak performance currently relies on
carefully chosen hyperparameters. Some of these hyperpara-
meters enable a more detailed investigation of the contri-
butions of node features and graph edges. However, the
results across our four complementary settings indicate that

no single model configuration is universally optimal. This
highlights both the need for greater interpretability and the
importance of dataset-specific regulation of feature-edge
interactions. On datasets like Actor, we encounter chal-
lenges in separating node features solely based on FP , the
sole source of information that guides CPU. Although this
limitation is partly due to the inherently sparse nature of
PU learning, more sophisticated approaches are needed to
enable effective feature-based separation.

5 CONCLUSION & FUTURE WORK

We propose a probabilistic framework for graph PU learning
that combines strong predictive performance with enhanced
interpretability. Our approach decouples feature and edge
processing as follows: CPU estimates feature-based positive
and negative densities using two PCs, followed by a simple
LP step to incorporate graph connectivity. Our approach
serves both as strong standalone classifier and as a reliable
pseudo-label generator for training powerful GNNs. Most
importantly, our framework enables interpretability at graph-
, node-, and feature-levels, enabling deeper insight and bet-
ter control over graph PU learning. Future work includes
exploring different constructions of PCs within the CPU
module. While a log-likelihood ratio already performs well,
more advanced evaluation strategies may improve separa-
tion. Additionally, reducing sole reliance on positive nodes
and developing improved heuristics for node partitioning
across diverse graph types remains a promising direction.
Furthermore, alternative (deep) probabilistic models could
be explored for feature-based predictions, allowing the trade-
offs among tractability, expressivity, and interpretability to
be controlled more flexibly.
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A HCLT PARAMETER LEARNING

For an HCLT-based PC P (X,Z) defined over RVs X and latent RVs Z, let flowc|ns
(x, z) represent the flow from child

node c to its parent sum node ns. For training nodes S ⊆ V with features FS , the parameters of an HCLT-structured PC
can be learned using the Expectation-Maximization (EM) algorithm, calculating expected flows in the E-step and updating
parameters in the M-step [Liu and Van den Broeck, 2021]:

(E) Eflow
c|ns

(FS ,θ) := Ex∼FD,z∼P (Z|x,θ)[flowc|ns
(x, z)]

(M) θc|ns
=

Eflow
c|ns

(FS ,θ)∑
c∈in(ns)

Eflow
c|ns

(FS ,θ)
.

Pyjuice uses methods to calculate flows in a more GPU-efficient way [Liu et al., 2024].

1925

mailto:<sagad.hamid@uni-muenster.de>


B EXPERIMENTS DETAILS

B.1 HYPERPARAMETER SETTINGS FOR RESULTS IN TABLE 1

In Table 4, we present the hyperparameters for each dataset including the chosen node splitting and feature marginalization
used to generate the main results in the main paper in Table 1. The hyperparameters have been obtained by means of a
simple hyperparameter search.

Table 5: Detailed Hyperparameter Settings For Our Main Results in Table 1 in the Main Paper. PP and PN Data denotes the
Data That Has Been Used to Train the Respective PCs. The Marginalization Column Denotes the Top k% Feature Attributes
that Have Been Removed Based on the Variances as Described in the Main Paper. The Bin Threshold denotes the Binning
Size for Discretizing Node Features. PC LR and Latent Denote the Learning Rate and the Latent Size Used for the PCs.
The Epoch Columns Denote the Number of Epochs for the PCs and the GNN, Respectively. The Last Column denotes the
Number of LP Propagations, i.e., the Parameter m in the Main Paper.

Dataset PP Data PN Data Marginalization Bin Threshold PC LR PC Latent PC epochs GNN epochs LP m

Cora P w-60U% 1% - 0.01 4 1500 1000 5
Pubmed P w-80U% 10% 0.001 0.05 16 1000 1000 1
Citeseer P U 2% - 0.15 16 1000 500 3
Wiki-CS P U 1% 0.01 0.01 4 500 1500 1
Cornell P w-40U% 15% - 0.1 4 500 1000 2
Chameleon V U 1% 0.01 0.25 4 1000 1000 1
Squirrel P U - - 0.15 4 500 1000 1
Actor P U 3% 0.01 0.008 32 1000 1000 1
Wisconsin P w-65U% 10% - 0.1 4 500 1000 2
Texas P w-75U% 10% - 0.1 4 500 1000 2
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B.2 MARGINALIZED ATTRIBUTES FOR RESULTS IN TABLE 3

For our results in Table 3, we have reported 3 marginalization settings while keeping the same hyperparameters as for the
results in Table 1. The first setting reports F1 scores without marginalizing out any feature attributes, i.e., X ′ = X . The
second setting reports F1 scores with feature attributes being marginalized out as for the results in Table 1. The third setting
reports F1 scores where for each dataset the number of marginalized feature attributes (based on the variances) has been
increased:

• Cora: Increased from 1% to 2%

• Pubmed: Increased from 10% to 15%

• Cornell: Increased from 15% to 20%.

• Chameleon: Increased from 1% to 2%

B.3 DETAILED DATASET STATISTICS

Table 6: Detailed Dataset Statistics Before and After Converting Directed Graphs to Undirected Ones.

Cora Pubmed Citeseer Wiki-CS Cornell Chameleon Squirrel Actor Wisconsin Texas

DATASET STATISTICS (AS STATED IN PYG)

# Edges 10, 556 88, 648 9, 104 216, 123 298 36, 101 217, 073 30, 019 515 325
# Nodes 2, 708 19, 717 3, 327 11, 701 183 2, 277 5, 201 7, 600 251 183
# Positive 818 7, 875 701 2, 679 82 521 1, 042 1, 965 118 101
# Negative 1, 890 11, 842 2, 626 9, 022 101 1, 756 4, 159 5, 635 133 82
Feature dim. 1, 433 500 3, 703 300 1, 703 2, 325 2, 089 932 1703 1, 703
Het. ratio 0.19 0.20 0.26 0.35 0.70 0.77 0.78 0.78 0.79 0.89

DATASET STATISTICS (AFTER CONVERTING DIRECTED GRAPHS TO UNDIRECTED ONES)

# Edges 10,556 88,648 9,104 431,726 557 62,792 396,846 53,411 916 574
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C HYPERPARAMETER SENSITIVITY

Table 7: Mean F1 Scores, Accuracies, and Standard Deviations for Unlabeled Nodes Evaluated With Different Ratios of
Observed Positive Nodes P .

Cora Pubmed Citeseer Wiki-CS Cornell Chameleon Squirrel Actor Wisconsin Texas

F1 SCORE ON U NODES (RATIO: 30%)

CPU 40.9±1.2 31.6±1.5 26.1±0.9 54.4±1.4 63.9±1.1 32.3±2.1 41.3±0.9 36.6±2.2 70.3±1.8 72.8±1.8

CPU-LP 73.2±2.7 48.3±2.9 54.6±2.1 67.8±1.3 56.8±1.8 30.0±4.2 4.1±0.3 12.8±2.7 69.1±1.3 72.8±1.4

CPU-GNN 60.1±1.6 40.0±1.8 8.0±7.9 66.1±1.4 61.2±1.3 39.8±5.5 13.3±2.4 2.5±1.9 66.8±2.4 72.6±1.0

CPU-LP-GNN 78.3±2.3 58.8±2.5 62.1±2.5 76.1±1.3 54.4±1.8 32.4±1.2 0.0±0.0 4.4±4.3 65.8±1.3 73.3±1.2

ACCURACY ON U NODES (RATIO: 30%)

CPU 69.4±0.9 72.3±0.3 84.6±0.2 88.5±0.2 65.5±1.0 66.5±7.2 82.1±0.5 82.3±0.3 73.1±1.5 70.6±2.3

CPU-LP 88.8±0.9 76.4±0.7 88.4±0.4 91.2±0.3 45.8±3.7 51.2±11.5 85.2±0.1 75.5±1.6 71.4±1.4 69.2±2.2

CPU-GNN 82.5±0.8 75.4±0.5 84.9±0.7 91.0±0.3 60.6±1.3 74.4±14.5 85.5±0.1 80.4±0.1 68.0±2.2 68.0±2.1

CPU-LP-GNN 90.9±0.8 80.5±0.8 90.7±0.4 93.1±0.3 39.2±4.0 50.3±13.3 85.1±0.0 79.7±0.8 66.6±1.1 68.6±2.4

F1 SCORE ON U NODES (RATIO: 40%)

CPU 39.4±1.0 38.4±2.5 32.5±0.8 65.1±0.6 60.3±1.2 32.0±1.1 39.1±1.5 41.7±1.0 68.2±2.8 69.9±1.1

CPU-LP 76.4±3.0 58.9±2.0 60.8±1.7 76.9±1.0 53.1±1.9 31.0±3.0 4.5±0.8 16.7±1.5 64.8±1.4 70.1±2.6

CPU-GNN 62.1±1.6 58.5±2.4 39.9±3.4 79.6±0.8 58.5±1.0 44.0±1.8 14.7±4.0 11.2±1.8 64.3±3.6 68.8±1.2

CPU-LP-GNN 80.7±2.8 72.3±1.2 69.4±1.4 82.4±0.8 50.5±1.7 32.5±3.2 0.0±0.0 8.8±6.4 60.7±1.4 69.6±2.1

ACCURACY ON U NODES (RATIO: 40%)

CPU 71.6±0.6 75.7±0.3 86.5±0.2 90.8±0.1 64.2±1.9 70.0±1.1 82.3±0.4 82.6±0.7 73.2±2.4 69.0±1.4

CPU-LP 90.9±0.9 80.8±0.5 90.0±0.4 93.7±0.2 43.6±4.2 52.6±7.6 87.0±0.2 74.4±1.7 68.2±2.0 67.7±3.8

CPU-GNN 84.6±0.5 82.2±0.6 89.4±0.4 94.4±0.2 59.9±1.8 79.6±4.5 87.2±0.2 82.4±0.3 67.5±3.5 64.5±1.7

CPU-LP-GNN 92.5±0.9 86.4±0.4 92.4±0.3 95.1±0.2 36.8±4.5 51.0±9.3 86.9±0.0 82.0±1.1 62.4±1.9 65.7±3.6

F1 SCORE ON U NODES (RATIO: 50%)

CPU 37.4±0.3 46.8±1.8 34.1±2.6 66.7±1.5 57.0±0.5 28.7±1.4 36.5±1.3 41.2±0.7 64.1±2.1 65.8±2.3

CPU-LP 78.0±1.8 65.3±1.2 62.8±1.4 78.5±0.9 48.4±1.4 26.2±1.2 5.2±0.8 19.0±0.8 59.0±0.7 67.9±1.2

CPU-GNN 65.1±0.5 70.2±0.7 55.1±3.3 81.3±0.7 55.2±0.9 44.0±0.6 21.0±3.7 21.5±3.1 60.5±1.8 65.2±0.8

CPU-LP-GNN 82.4±1.5 78.2±0.6 71.9±0.6 83.2±0.4 45.9±1.0 27.7±2.0 0.0±0.0 24.1±1.7 55.5±1.1 67.4±1.2

ACCURACY ON U NODES (RATIO: 50%)

CPU 72.9±0.2 78.7±0.4 88.3±0.3 91.5±0.4 64.1±0.9 71.4±0.7 82.8±0.4 81.3±1.0 72.1±1.9 67.8±3.2

CPU-LP 92.0±0.6 83.3±0.4 91.1±0.4 94.6±0.3 40.0±2.2 44.8±9.8 88.8±0.1 68.7±2.1 63.9±1.5 67.1±1.7

CPU-GNN 86.9±0.3 87.0±0.2 92.3±0.4 95.2±0.2 59.2±1.8 82.7±1.6 88.8±0.2 83.2±0.7 65.9±1.6 63.5±1.9

CPU-LP-GNN 93.6±0.5 89.3±0.2 93.4±0.2 95.7±0.1 32.1±2.7 41.8±11.9 88.9±0.0 81.2±2.3 58.3±1.0 65.3±2.2
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Table 8: Mean F1 Scores, Accuracies, and Standard Deviations with Different PC Epochs.

Cora Pubmed Citeseer Wiki-CS Cornell Chameleon Squirrel Actor Wisconsin Texas

F1 SCORE ON U NODES (PC EPOCHS: 500)

CPU 38.8±0.8 44.3±2.4 42.1±3.1 66.7±1.5 57.0±0.5 31.2±1.7 36.5±1.3 39.0±0.4 64.1±2.1 65.8±2.3

CPU-LP 77.2±1.7 63.7±2.3 63.5±0.9 78.5±0.9 48.4±1.4 25.7±3.7 5.2±0.8 22.5±2.7 59.0±0.7 67.9±1.2

CPU-GNN 64.4±0.3 68.7±1.2 64.7±2.2 81.3±0.7 55.2±0.9 42.5±1.4 21.0±3.7 24.3±2.9 60.5±1.8 65.2±0.8

CPU-LP-GNN 80.2±1.8 77.5±1.0 71.9±0.9 83.2±0.4 45.9±1.0 28.6±2.9 0.0±0.0 8.0±5.3 55.5±1.1 67.4±1.2

ACCURACY ON U NODES (PC EPOCHS: 500)

CPU 70.7±0.5 78.4±0.3 87.5±0.4 91.5±0.4 64.1±0.9 71.5±1.2 82.8±0.4 77.4±1.7 72.1±1.9 67.8±3.2

CPU-LP 90.8±1.0 83.1±0.6 90.7±0.3 94.6±0.3 40.0±2.2 46.9±10.0 88.8±0.1 81.2±1.5 63.9±1.5 67.1±1.7

CPU-GNN 84.9±0.6 86.7±0.3 93.1±0.3 95.2±0.2 59.2±1.8 79.0±1.7 88.8±0.2 79.2±2.3 65.9±1.6 63.5±1.9

CPU-LP-GNN 92.2±0.9 89.2±0.3 93.1±0.3 95.7±0.1 32.1±2.7 45.0±11.4 88.9±0.0 84.6±0.4 58.3±1.0 65.3±2.2

F1 SCORE ON U NODES (PC EPOCHS: 1000)

CPU 37.3±0.4 46.8±1.8 34.1±2.6 65.0±0.8 56.4±1.1 28.7±1.4 35.3±1.6 41.2±0.7 64.3±1.9 65.8±2.6

CPU-LP 78.1±1.5 65.3±1.2 62.8±1.4 78.0±0.9 48.7±1.6 26.2±1.2 4.6±0.9 19.0±0.8 59.6±1.1 68.2±1.9

CPU-GNN 64.4±0.5 70.2±0.7 55.1±3.3 80.7±0.7 55.2±1.1 44.0±0.6 12.8±2.8 21.5±3.1 60.9±1.7 65.9±1.6

CPU-LP-GNN 82.4±1.5 78.2±0.6 71.9±0.6 83.2±0.4 46.0±1.2 27.7±2.0 0.0±0.0 24.1±1.7 55.1±1.0 67.3±1.0

ACCURACY ON U NODES (PC EPOCHS: 1000)

CPU 72.8±0.5 78.7±0.4 88.3±0.3 91.5±0.2 63.8±1.3 71.4±0.7 84.3±0.6 81.3±1.0 72.4±1.7 68.3±3.4

CPU-LP 92.1±0.6 83.3±0.4 91.1±0.4 94.6±0.2 40.8±2.6 44.8±9.8 88.9±0.1 68.7±2.1 64.8±2.0 67.8±2.3

CPU-GNN 86.5±0.4 87.0±0.2 92.3±0.4 95.3±0.2 59.4±2.3 82.7±1.6 89.1±0.2 83.2±0.7 66.5±1.3 64.7±2.7

CPU-LP-GNN 93.6±0.6 89.3±0.2 93.4±0.2 95.8±0.1 32.8±3.0 41.8±11.9 88.9±0.0 81.2±2.3 58.1±1.3 65.6±1.6

F1 SCORE ON U NODES (PC EPOCHS: 1500)

CPU 37.4±0.3 46.8±3.3 29.6±2.3 64.7±0.9 56.5±1.2 26.7±1.9 34.4±1.4 40.0±0.6 64.5±1.6 66.0±2.6

CPU-LP 78.0±1.8 64.6±1.8 62.9±2.0 78.1±0.9 48.8±1.6 24.1±3.1 4.2±1.0 19.1±2.1 59.9±1.2 68.2±1.9

CPU-GNN 65.1±0.5 70.8±2.6 49.5±2.8 80.8±0.8 55.3±1.0 41.4±4.6 4.7±3.1 18.4±3.0 60.7±1.7 66.0±1.6

CPU-LP-GNN 82.4±1.5 78.1±0.9 71.7±0.9 83.3±0.4 46.1±1.3 27.4±1.3 0.0±0.0 5.1±3.0 55.7±1.5 67.3±1.0

ACCURACY ON U NODES (PC EPOCHS: 1500)

CPU 72.9±0.2 78.1±0.9 88.4±0.1 91.6±0.2 63.9±1.4 67.7±6.1 85.1±0.8 81.6±0.8 72.6±1.5 68.6±3.4

CPU-LP 92.0±0.6 82.8±0.7 91.4±0.4 94.7±0.2 41.1±2.5 42.2±7.7 88.9±0.1 81.5±0.9 65.3±2.0 67.8±2.3

CPU-GNN 86.9±0.3 87.1±0.6 91.8±0.3 95.3±0.2 59.4±2.3 75.8±11.3 89.0±0.1 83.6±0.7 66.1±1.3 65.0±2.8

CPU-LP-GNN 93.6±0.5 89.2±0.3 93.6±0.2 95.8±0.1 33.1±3.1 40.4±8.6 88.9±0.0 84.9±0.1 59.1±1.6 65.6±1.6

Table 9: Mean F1 Scores, Accuracies, and Standard Deviations with Different GNN Epochs.

Cora Pubmed Citeseer Wiki-CS Cornell Chameleon Squirrel Actor Wisconsin Texas

F1 SCORE ON U NODES (GNN EPOCHS: 500)

CPU-GNN 66.0±0.8 69.4±0.6 55.1±3.3 81.4±0.8 54.7±0.8 39.1±5.2 11.6±4.7 12.6±10.4 60.1±1.8 65.3±1.5

CPU-LP-GNN 82.4±1.3 77.9±0.5 71.9±0.6 83.2±0.4 45.9±1.0 27.6±2.1 0.0±0.0 4.0±5.0 55.2±1.2 66.8±0.9

ACCURACY ON U NODES (GNN EPOCHS: 500)

CPU-GNN 87.1±0.3 86.9±0.1 92.3±0.4 95.3±0.2 58.5±2.0 80.4±3.1 89.0±0.2 83.6±1.3 65.6±1.7 63.0±2.4

CPU-LP-GNN 93.6±0.4 89.3±0.2 93.4±0.2 95.7±0.1 31.8±2.6 41.3±12.1 88.9±0.0 85.0±0.2 57.1±0.5 64.4±1.8

F1 SCORE ON U NODES (GNN EPOCHS: 1000)

CPU-GNN 65.1±0.5 70.2±0.7 56.1±3.5 81.3±0.9 55.2±0.9 44.0±0.6 21.0±3.7 21.5±3.1 60.5±1.8 65.2±0.8

CPU-LP-GNN 82.4±1.5 78.2±0.6 70.9±1.1 83.1±0.5 45.9±1.0 27.7±2.0 0.0±0.0 24.1±1.7 55.5±1.1 67.4±1.2

ACCURACY ON U NODES (GNN EPOCHS: 1000)

CPU-GNN 86.9±0.3 87.0±0.2 92.3±0.4 95.3±0.2 59.2±1.8 82.7±1.6 88.8±0.2 83.2±0.7 65.9±1.6 63.5±1.9

CPU-LP-GNN 93.6±0.5 89.3±0.2 93.1±0.3 95.7±0.2 32.1±2.7 41.8±11.9 88.9±0.0 81.2±2.3 58.3±1.0 65.3±2.2

F1 SCORE ON U NODES (GNN EPOCHS: 1500)

CPU-GNN 65.2±0.5 70.1±0.8 56.9±3.1 81.3±0.7 55.3±1.1 43.8±0.7 20.6±3.1 21.9±2.2 60.9±2.4 64.9±1.3

CPU-LP-GNN 82.3±1.5 78.2±0.5 71.0±1.1 83.2±0.4 46.1±0.7 27.7±2.0 0.0±0.0 8.8±2.0 55.5±1.1 67.4±1.2

ACCURACY ON U NODES (GNN EPOCHS: 1500)

CPU-GNN 86.7±0.3 87.0±0.1 92.4±0.4 95.2±0.2 59.3±1.4 82.6±2.3 88.8±0.2 83.2±0.8 66.5±2.4 63.3±2.6

CPU-LP-GNN 93.6±0.5 89.3±0.3 93.2±0.3 95.7±0.1 33.2±1.6 42.0±11.9 88.9±0.0 84.8±0.2 57.9±0.9 65.3±2.2
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Table 10: Mean F1 Scores, Accuracies, and Standard Deviations with Different GNN Hidden Layer Sizes.

Cora Pubmed Citeseer Wiki-CS Cornell Chameleon Squirrel Actor Wisconsin Texas

DATASET STATISTICS

F1 SCORE ON U NODES (GNN HIDDEN SIZE: 16)

CPU-GNN 65.1±0.5 70.2±0.7 55.1±3.3 81.3±0.7 55.2±0.9 44.0±0.6 21.0±3.7 21.5±3.1 60.5±1.8 65.2±0.8

CPU-LP-GNN 82.4±1.5 78.2±0.6 71.9±0.6 83.2±0.4 45.9±1.0 27.7±2.0 0.0±0.0 24.1±1.7 55.5±1.1 67.4±1.2

ACCURACY ON U NODES (GNN HIDDEN SIZE: 16)

CPU-GNN 86.9±0.3 87.0±0.2 92.3±0.4 95.2±0.2 59.2±1.8 82.7±1.6 88.8±0.2 83.2±0.7 65.9±1.6 63.5±1.9

CPU-LP-GNN 93.6±0.5 89.3±0.2 93.4±0.2 95.7±0.1 32.1±2.7 41.8±11.9 88.9±0.0 81.2±2.3 58.3±1.0 65.3±2.2

F1 SCORE ON U NODES (GNN HIDDEN SIZE: 32)

CPU-GNN 64.7±1.5 68.5±2.5 57.2±4.7 81.3±0.7 55.6±1.2 40.4±5.6 20.7±3.0 21.5±2.1 60.5±2.3 65.0±0.8

CPU-LP-GNN 82.1±1.4 77.3±1.3 71.0±1.4 83.3±0.3 45.9±0.7 26.5±3.3 0.1±0.2 6.4±2.5 55.1±1.7 67.1±1.3

ACCURACY ON U NODES (GNN HIDDEN SIZE: 32)

CPU-GNN 86.6±0.5 86.6±0.4 92.5±0.6 95.3±0.1 59.7±1.1 75.4±12.8 88.8±0.3 83.3±0.6 65.9±1.9 63.5±1.9

CPU-LP-GNN 93.4±0.5 89.1±0.4 93.2±0.3 95.7±0.1 32.8±1.3 35.6±11.7 88.9±0.0 84.9±0.1 58.8±1.1 64.7±1.8

Table 11: Mean F1 Scores and Standard Deviations for Unlabeled Nodes Evaluated for the Best Model in Table 1 With
Different Learning Rates for the PCs for Each Dataset. Cora: [0.001, 0.01, 0.02], Pubmed: [0.01, 0.05 0.1], Cornell:
[0.05, 0.1, 0.15], Chameleon: [0.2, 0.25, 0.3]

Cora Pubmed Cornell Chameleon
F1 SCORE ON U NODES

Decreased 30.2±0.0 77.3±0.5 56.1±0.4 43.1±1.4

As In Table 1 82.4±1.5 78.2±0.6 57.0±0.5 44.0±0.6

Increased 81.9±1.7 77.8±0.9 56.3±1.0 44.0±4.8
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