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Memory Disagreement: A Pseudo-Labeling Measure
from Training Dynamics for Semi-supervised Graph Learning

Anonymous Author(s)*

ABSTRACT

In the realm of semi-supervised graph learning, pseudo-labeling is
a pivotal strategy to utilize both labeled and unlabeled nodes for
model training. Currently, confidence score is the most frequently
used pseudo-labeling measure, however, it suffers from poor calibra-
tion and issues in out-of-distribution data. In this paper, we propose
memory disagreement (MoDis for short), a novel uncertainty mea-
sure for pseudo-labeling. We uncover that training dynamics offer
significant insights into prediction uncertainty —if a graph model
makes consistent predictions for an unlabeled node throughout train-
ing, the corresponding predicted label is likely to be correct. Thus, the
node should be suitable for pseudo-labeling. We implement MoDis
as the entropy of an accumulated distribution that summarizes the
disagreement of the model’s predictions throughout training. We
further enhance and analyze MoDis in case studies, which show
nodes with low MoDis are suitable for pseudo-labeling as these
nodes tend to be distant from boundaries in both graph and rep-
resentation space. We design MoDis based pseudo-label selection
algorithm and corresponding pseudo-labeling algorithm, which are
applicable to various graph neural networks. We empirically vali-
date MoDis on eight benchmark graph datasets. The experimental
results show that pseudo labels given by MoDis have better quality
in correctness and information gain, and the algorithm benefits var-
ious graph neural networks, achieving an average improvement of
3.11% and reaching up to 30.24% when compared to the wildly-used
uncertainty measure, confidence score. Moreover, we demonstrate
the efficacy of MoDis on out-of-distribution nodes. All code will
be released after reviewing, according to the conference policy.

CCS CONCEPTS

+ Computing methodologies — Learning latent representa-
tions; Neural networks; « Theory of computation — Social
networks; Semi-supervised learning.

KEYWORDS

Graph Neural Networks, Epistemic Uncertainty, Self-Training

ACM Reference Format:

Anonymous Author(s). 2018. Memory Disagreement: A Pseudo-Labeling
Measure from Training Dynamics for Semi-supervised Graph Learning. In
Proceedings of Make sure to enter the correct conference title from your rights
confirmation emai (Conference acronym 'XX). ACM, New York, NY, USA,
14 pages. https://doi.org/XXXXXXX XXXXXXX

Permission to make digital or hard copies of all or part of this work for personal or
classroom use is granted without fee provided that copies are not made or distributed
for profit or commercial advantage and that copies bear this notice and the full citation
on the first page. Copyrights for components of this work owned by others than ACM
must be honored. Abstracting with credit is permitted. To copy otherwise, or republish,
to post on servers or to redistribute to lists, requires prior specific permission and/or a
fee. Request permissions from permissions@acm.org.

Conference acronym XX, June 03-05, 2018, Woodstock, NY

© 2018 Association for Computing Machinery.

ACM ISBN 978-1-4503-XXXX-X/18/06...$15.00
https://doi.org/XXXXXXX.XXXXXXX

1 INTRODUCTION

Pseudo-labeling is a widely adopted strategy in semi-supervised
graph learning (SSGL) to overcome the challenge of very limited
number of labeled nodes in practice [9, 17, 21, 35]. It uses pre-
dicted labels as pseudo-labels to augment the limited labeled nodes,
thereby decreasing epistemic uncertainty and facilitating graph
model training. Theoretically, pseudo-labeling is a kind of entropy
minimization that seeks to reduce the density of data embeddings
near decision boundaries, thereby promoting the establishment of
robust boundaries in low-density embedding regions [6, 13].

The effectiveness of pseudo-labeling based SSGL heavily relies
on the correctness of pseudo-labels. Incorrect pseudo-labels can
significantly degrade model performance because they inject noise
and misleading patterns into graph model. Existing methods [34, 42—
44] usually employ uncertainty measures of prediction, to act as
proxies for generalization risk, in selecting pseudo-labels, such as
confidence score and Bayesian uncertainty. However, these uncer-
tainty measures are not effective indicators of the generalization
risk. This issue has been highlighted in recent studies [27, 40].

In literature, the most frequently used uncertainty measure for
selecting pseudo-labeled nodes is confidence score [5, 15, 35]. How-
ever this measure suffers from poor calibration, whereby high con-
fidence scores are often assigned to incorrect predictions, resulting
in incorrect pseudo-labels [14]. Here, the calibration measures the
discrepancy between the model’s confidence score in its predic-
tions and the actual correctness of these predictions [8]. Despite
several attempts to calibrate models for SSGL, the problem remains
largely unresolved [38, 39]. Additionally, there is an argument that
the confidence score should not be trusted for out-of-distribution
data [10]. The confidence score is susceptible to manipulation by
adversarial examples [24], and it is even possible to produce an
incorrect prediction with arbitrarily high confidence by magnifying
the input to a ReLU network [16]. The weaknesses further reduce
the reliability of confidence score for pseudo-labeling. Therefore, it
is of great value to explore new uncertainty measures, so as to provide
robust alternatives for pseudo-labeling in SSGL.

In this paper, we propose a novel uncertainty measure, named
Memory Disagreement (MoDis for short), which aims to iden-
tify pseudo-labeled nodes for semi-supervised graph learning. The
MoDis is defined on training dynamics, which captures the dis-
agreement among model predictions at different training epochs.
The rationale behind using MoDis as a measure of prediction un-
certainty is intuitive—if a model makes consistent predictions for an
unlabeled node throughout training, the corresponding predicted label
is likely to be correct. Thus, the node should be a suitable candidate
for pseudo-labeling. In contrast, if predictions fluctuate significantly,
there is a high generalization risk associated with the predictions.

Our basic idea is inspired by two intriguing observations about
training dynamics. One observation is the complexity of decision
boundary of deep networks gradually increases with the number
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of training epochs, which suggests the networks first learn simple
hypotheses and gradually learn complex hypotheses [2]; Another
observation is deep networks first learn simple and general patterns
in typical samples, during training, before fitting noise [31]. From
the two observations, we can deduce that typical samples, charac-
terized by simple and general patterns, are those predicted consis-
tently by model during training. These typical samples are suitable
for pseudo-labeling due to two properties: (i) High correctness.
Typical samples characterized by simple patterns are likely to be
predicted correctly. (ii) Significant information gain. Typical
samples with general pattern are informative and can benefit to
establishing decision boundaries for other samples. We validated
this hypothesis in our first experiment on graph datasets.

We implement the memory disagreement MoDis by modeling
the prediction uncertainty as the entropy of an accumulated pre-
diction distribution that summarizes the disagreement of model’s
predictions throughout training. We further improve the discrimi-
native ability of MoDis by incorporating the trajectory of softmax
distribution of predictions during training. The softmax distribu-
tion can be considered as data uncertainty, although it is not a
reliable estimator of prediction uncertainty [12]. Our case studies
demonstrate that nodes with low MoDis tend to be distant from
boundaries in both graph and representation space. The character-
istics indicate the nodes are suitable for pseudo-labeling in SSGL.

We then design MoDis based pseudo-label selection algorithm
and the corresponding pseudo-labeling algorithm, both of which
are applicable to various graph neural networks. Our validations
are conducted on 8 benchmark graph datasets, which show: (i)
Pseudo labels given by MoDis have high quality in correctness
and information gain; (ii) Graph neural networks equipped with
MoDis based pseudo-labeling consistently yield superior perfor-
mance, achieving an average improvement of 3.11% and reaching
up to 30.24% compared to the wildly-used confidence score. (iii)
MoDis is effective for out-of-distribution nodes.

In summary, our contribution in this paper is three-fold:

e We uncover that training dynamics provide significant in-
sights into prediction uncertainty, from which we propose a
novel uncertainty measure, memory disagreement MoDis,
to identify pseudo-labeled nodes in SSGL.

e We analyze the rationale of MoDis in case studies, and ac-
cordingly design MoDis based pseudo-labeling algorithm
that are applicable to various graph neural networks.

e We conduct extensive experiments to thoroughly validate
the MoDis on eight benchmark graph datasets, establishing
a new state-of-the-art for pseudo-labeling in SSGL.

2 PROBLEM DEFINITION

We first present a definition of SSGL by focusing on transductive
node classification as a specific task, and then formulate the problem
of pseudo-label selection in context of pseudo-labeling based SSGL.

Semi-supervised graph learning (SSGL). Consider a graph
G = (V,A,X), where the node set V = V; UV consists of a
labeled node set Vy, with labels Y} = {y,|v € V1 } and an unlabeled
node set V. Each node v € V belongs to one of C categories and
can be labeled with a C-dimensional one-hot vector y, € RC. Here,
ny = |Vi| and ny = |Vy| represent the number of nodes in the
respective sets. In SSGL, only a limited number of labeled nodes are

Anon.

available and most nodes are unlabeled, i.e, ny < ny. Adjacency
matrix A characterizes edges connecting nodes in V, and attribute
matrix X € R("L+10)%dx denotes node attribute, where dy denotes
the dimension. SSGL aims to learn a parameterized model fp : v —
Uy, v € Vy that predicts the label of unlabeled nodes based on both
the limited labeled nodes and other information in G.
Pseudo-labeling based SSGL. In pseudo-labeling based SSGL,
the label set Y is augmented with predicted pseudo-labels Yp =
{golv € Vp}, where the set Vp consists of unlabeled nodes with a
high probability of being correctly predicted by the model fp. Then,
the model fj can be re-trained on the augmented label set, Y1 U Yp,
resulting in updated parameters 6*. In multi-stage pseudo-labeling
based SSGL, the process of label augmentation and model retraining
are repeated iteratively until convergence is achieved.
Pseudo-label selection. Pseudo-label selection is fundamen-
tal to pseudo-labeling based SSGL. It identifies unlabeled nodes
that have high probabilities of being correctly predicted as pseudo-
labeled nodes. Let g, € {0, 1} be a binary indicator that signifies
whether the node v € Vy; is selected for pseudo-labeling or not.
Here, g, = 1 when node v is selected for pseudo-labeling, i.e., v is in
Vp, and g, = 0 when v is not selected. The pseudo-label selection
is to obtain a indicator vector g = {gy|v € Vi7} € {0, 1}V for un-
labeled nodes. This indicator can be obtained by a risk evaluation,
gv = Rg, (0) < 7, where Ry, (v) denotes generalization risk, i.e., the
probability of node v being incorrectly predicted by the model fj.
A pseudo-labeled node can be identified if its generalization risk is
less than the threshold 7. However, the generalization risk is com-
putationally intractable because real data distribution is unknown
in practice. Therefore, the pseudo-label selection becomes a problem
of designing an effective measure that can estimate the generalization
risk and act as a proxy of the risk for identifying pseudo-labeled nodes.

3 METHOD

We first propose a novel uncertainty measure, memory disagree-
ment MoDis, and then analyze the rationale of MoDis in case stud-
ies, and finally design MoDis based pseudo-labeling algorithm.

3.1 Memory Disagreement MoDis

The MoDis is proposed from the perspective of training dynam-
ics and can serve as a proxy for the generalization risk to iden-
tify pseudo-labeled nodes in SSGL effectively. The computation of
MoDis is illustrated in Fig. 1, in which we use training dynamics
of three nodes in the Cora dataset as examples.

Firstly, we record the training dynamics for an unlabeled node,
i.e., the predictions made by model for the node at different training
epochs, as shown in the left panel of Fig. 1. Next, we summarize the
recorded training dynamics as a prediction distribution by calculat-
ing the relative frequency of categories in the predictions. Finally,
we compute the entropy of the prediction distribution, which we
define as the MoDis of the node, as shown in the right panel.

The proposed MoDis effectively captures the disagreement among
predictions made by the model during training. This is because en-
tropy quantifies the heterogeneity of the prediction distribution,
and this heterogeneity reflects the diversity of predictions made
by the model during training. The larger the disagreement among
predictions, the higher the MoDis becomes. This relationship is
clearly demonstrated by the comparison of the three nodes in Fig. 1.
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Figure 1: An illustration to compute memory disagreement
MoDis. The left panel shows the prediction dynamics made
by the model during training for three nodes in the Cora
dataset. The right panel then summarizes these dynamics
into distributions of predicted categories. The MoDis is de-
fined as the entropy of the distributions.

Mathematically, the MoDis is defined as follows:

MoDis(v) := H[P,] = — chzl Py(c) log Py(c), (1)

where H[P,] denotes the entropy of distribution P, and the P,
is the distribution of predicted categories for node v. Each entry
Py(c) is the relative frequency of category ¢ in multiple predictions
during training. Specifically, Py(c) is calculated through

B Dgeen, Lo =cl @)

where the memory bank M, records predicted labels ¢, for each
node v at several selected training epochs, | My| denotes the size of
the memory bank, and 1[-] is an indicator function used to verify
whether predicted label 3, is equal to a certain category c or not.

The memory bank M, is leveraged to record training dynamics
by storing representative predictions ¢ at several specific epochs.
Specifically, we define the memory bank as follows,

Mo = {5010 e Vy,t € T} 3)

Py(c) =

Here y( ) denotes the predicted label of node v by the model fp at
training epoch t, and set 7~ contains the epochs selected to record.
During training, we begin with an empty M, for each node and

progressively add the predicted labels y( ) at selected epochs in 7.

For better practicality in real-world applications, we streamline
the epoch set 7~ into a sequence of consecutive epochs during
training. This sequence can be easily determined using two hyper-
parameters: the starting epoch for recording and the number of
epochs to be recorded. In experiments, we empirically analyze
how to construct an effective M by the two hyper-parameters.
This simplifying method can capture the primary trajectory of
predictions throughout training, with minimized computational
and storage overhead, enabling the efficient computation of MoDis.

6
m 73 /L\ . az‘ Entropy = 1.5 + MoDis(v1603)
22
9
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3.2 Enhancing MoDis via Softmax Trajectory

We further enhance memory disagreement by incorporating the
trajectory of softmax distribution of predictions during training. In
preliminary studies, we observe a resolution limitation of MoDis
defined in Eq. (1). That is, different nodes sometimes get the same
accumulated distribution of predicted categories, and then they
have identical MoDis values, rendering them indistinguishable.
To improve the discriminative ability of MoDis, instead of using
the distribution of predicted categories in Eq. (2), we refine P, by
accumulating the softmax distributions during training as

1
Py(c) = Mol Z%EMU ay(0), 4)

where the memory bank My is used to record softmax distribu-
tions oy of prediction during training. For a selected epoch t € 7,
azgt) = softmax(zv )) represents the softmax distribution with z<t)
being the logits of node v. This refined P, is an average of the
softmax distributions, which characterizes subtle variances in pre-
dictions and captures richer information of training dynamics. Al-
though softmax distribution is not a reliable estimator of prediction
uncertainty, it can be considered as data uncertainty [12].

Additionally, we introduce a sharpening step to the softmax
distributions inspired by the efficacy of entropy minimization in
SSL [3]. Given the softmax distributions, we apply a sharpening
function to enhance the decisiveness of the distribution by reducing
its entropy, which is achieved through a sharpening function,

Sharpen(p, y) ‘Pl/y/Z zZ= Zl 1P Uy'

Here, the sharpening function is defined on each category. Vector
p denotes an L-dimensional categorical distribution, which is the
predicted softmax distribution oy, in the context of memory dis-
agreement. The “temperature” hyperparameter y is used to adjust
the shape of the distribution. For y = 1, the sharpening function
retains the original shape of the distribution. As y— 0, the result
of Sharpen(p, y) becomes a one-hot distribution, making the P,
in Eq. (2) degraded to its form in Eq. (4). The sharpening function
amplifies more probable predictions while decaying less probable
ones, thereby emphasizing confident predictions more strongly.

3.3 Case Study Analysis of MoDis

We design two case studies to demonstrate the characteristics of
nodes with a low MoDis value, as well as analyze the rationale of
these nodes as candidates for pseudo-labeling in SSGL. We visualize
these nodes in both the graph and representation spaces for an
intuitive understanding. A notable observation is that these nodes
tend to be distant from two kinds of boundaries.

In graph space, nodes with low MoDis predominantly are not
positioned on the boundary. For clarification, we define boundary
nodes in the graph as nodes whose labels differ from those of their
neighbors, as illustrated in Fig. 2(A). We conducted an analysis on
five graph datasets. In this study, we compute the proportion of
boundary nodes in three groups: the top 100 nodes with the lowest
MoDis, those with the highest MoDis, and overall nodes in graph.
The proportion of boundary nodes was significantly lower among
nodes with low MoDis when compared to those with high MoDis,
as shown in Fig. 2(B). Nodes with a low MoDis are more internally
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100%
Class 1 +Z 2> Boundary nodes B With lowest MoDis
B With highest MoDis

B Overall nodes

60%
40%

. Amazon Coauthor
Cora  Citeseer Pubmed Photo cs

(B) Proportions of boundary nodes

x

(A) Boundary nodes in graph

Figure 2: In graph space, nodes with low MoDis predomi-
nantly are not positioned on the boundary. (A) An illustra-
tion of boundary nodes in graph. (B) Comparative propor-
tions of boundary nodes of three different node groups.

® Nodes
A Nodes with lowest MoDi

Figure 3: In representation space, nodes with low MoDis clus-
ter in areas distanced from decision boundaries. Node rep-
resentations are visualized in a 2D space. Red triangles indi-
cate the top 20 nodes in each category with the lowest MoDis.

consistent with their neighbors. This consistency suggests they are
more reliable candidates for pseudo-labeling, as their representations
are less likely to be mixed with irrelevant messages from nodes with
different label during the aggregation in GNNs.

In representation space, nodes with low MoDis exhibit spatial
clustering at positions removed from decision boundaries, as shown
in Fig. 3. Here, we visualize node representations in a 2D space,
which are extracted by the last layer of GCN [18] on the Cora
dataset, and further mapped using t-SNE [36]. The nodes with low
MoDis are distant from decision boundaries, which implies they are
a safe choice as pseudo-labeling, as they have a relatively low risk
of being incorrectly predicted. These nodes distanced from decision
boundaries are safer candidates for pseudo-labeling, as they have a
lower risk of misclassification, ensuring minimal noise introduction
to the model in pseudo-labeling.

3.4 MoDis based Pseudo-labeling Algorithm

In this section, we first propose a MoDis based pseudo-label selec-
tion algorithm, as illustrated in Algorithm 1. We then incorporate
the pseudo-label selection algorithm into a pseudo-labeling frame-
work for SSGL, as presented in Algorithm 2.

Anon.

Algorithm 1 MoDis based Pseudo-label Selection

Input: Graph G = (V, A, X), label set Yy, graph model fp
Output: Pseudo-label set Yp
Parameter: Epoch index set 7~

1: Initialize model parameters , memory bank M, < @ for each
node v € Vi, and Yp « @

2: for training epoch t = 1 to max_epoch do

3. Update 0 using the gradient calculated on Y,

4 if t € 7 then

5: for each node v € Vy; do
6: Compute cr,gt) by model fp(A, x,)
7 My — My U {aiDy

8: for each node v € Vi do

9:  Calculate MoDis(v) using Eq. (1) and (4)
10:  if MoDis(v) < 7 then

11: Yo = fo(A, xy); Yp — Yp U {9}

12: return Yp

In Algorithm 1, a training process for the graph neural network
fo is performed on graph data G firstly. Throughout the training,
we use a memory bank M to capture the softmax distributions of
predictions at specific epochs, t € 7. Subsequently, the recorded
training dynamics are used to calculate MoDis for every unlabeled
node using Eq. (1) and (4). Finally, unlabeled nodes with a MoDis
value below the threshold 7 are selected as pseudo-labeled nodes.
The output pseudo-labels are predicted by the fully-trained model,
and they are then used to augment the limited real labels in G.

In Algorithm 2, we present MoDis pseudo-labeling based SSGL
by incorporating Algorithm 1 into a multi-stage self-training frame-
work. This algorithm consists of K stages. Within each stage, pseudo
labels Yp are first produced by Algorithm 1 leveraging currently
available labels in Y; . Following this, the label set Y, is augmented
by these pseudo labels, and the augmented label set serves as the
foundation for the next round of pseudo-label generation. To avoid
the issue of label imbalance, we add an equal number of pseudo
labels for each category in every stage.

After iterating through the K stages, the final model is trained
using the ultimately augmented label set Y}, and is used to predict
labels for all unlabeled nodes in the graph G. Notably, for unlabeled
nodes that have previously been associated with pseudo labels in the
K stages, those pseudo labels are retained as their final predictions.

Algorithm 2 MoDis Pseudo-labeling based SSGL

Input: Graph G = (V, A, X), label set Y}, graph model fp
Output: Predicted label set Y* for all unlabeled nodes
Parameter: Number of stage K
1: Initialize Y* « @
2: for each stage k =1 to K do
3 Yp = Algorithm 1(G, Y. fp)
4 Y Y UYp; YV —Y*UYp
5. Update Vp and Vy in G according to Y
6
7
8
9

: Train model fy on augmented Yy,
: for each node v € Vyy do

Jo = fo(A, x0); Y* — Y* U {go}
: return Y*
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Table 1: Dateset statistics

Dataset #Nodes #Edges # Categories # Features
Cora [28] 2,708 5,429 7 1,433
Citeseer [28] 3,327 4,732 6 3,703
Pubmed [23] 19,717 44,338 3 500
CoraFull [4] 19,793 65,331 70 8,710
AmazonCS [30] 13,752 245,778 10 767
AmazonPhoto [30] 7,650 119,043 8 745
CoauthorCS [30] 18,333 81,894 15 6,805
CoauthorPhy. [30] 34,493 495,924 5 8,415

4 EXPERIMENTS

We empirically validate the effectiveness of our proposed MoDis
by answering the following four questions.

Q1: Does MoDis outperform competitors (state-of-the-art un-
certainty measures) in selecting pseudo-labeled nodes?

Q2: Does graph neural networks equipped with MoDis pseudo-
labeling outperform that with competitors in SSGL?

Q3: Is MoDis effective for out-of-distribution nodes?

Q4: How does the training dynamics, captured in the memory
bank M, affect performance of MoDis based pseudo-labeling?
Baselines. We choose the following two state-of-the-art baselines
as competitors of MoDis in experiments.

o Confidence score: The most frequently used uncertainty mea-
sure for selecting pseudo-labeled nodes in SSGL [5, 15].

o Area Under the Margin (AUM): A recent measure that has
been successfully applied to semi-supervised learning in
natural language processing [33].

Datasets. We conducted experiments on eight benchmark graph
datasets, namely, Cora, Citeseer [28], Pubmed [23], CoraFull [4],
AmazonComputers, AmazonPhoto, CoauthorCS, and Coauthor-
Physics [30]. The statistics of the datasets are summarized in Table
1. The detailed experiment protocol can be found in Appendix.

4.1 Quality of Pseudo Labels (Q1)

We first examine whether the proposed MoDis can select better
pseudo-labeled nodes than the competitors. We evaluate the quality
of pseudo labels from two perspectives: correctness and information
gain. This experiment is also designed to validate our selected
pseudo-labeled nodes contained simple patterns (high correctness)
and general patterns (large information gain). We employ GCN as
the base model fjy, following hyper-parameter settings in [18]. To
simulate a challenging scenario with minimal label information,
we only set 3 labeled nodes per category, i.e, L/C = 3, in six graphs.
Pseudo labels are produced by Algorithm 1 or its variants in which
uncertainty measure MoDis is substituted with the competitors.

4.1.1 Correctness of Pseudo Labels. We first evaluate the correct-
ness of produced pseudo labels in terms of error ratio. Specifically,
the error ratio is defined as the proportion of nodes for which the
pseudo label and true label do not match, in entire pseudo-labeled
nodes. We generate pseudo labels for all unlabeled nodes in a graph,
subsequently sorting these nodes based on the three uncertainty
measures. The nodes are then orderly partitioned into 10 evenly
groups, and independently computed the error ratio for each group.

Fig. 4 shows the error ratio for the first 5 groups, as these nodes
are more likely to be selected for pseudo-labeling in practice. From

Conference acronym °XX, June 03-05, 2018, Woodstock, NY

100% Cora Citeseer
o s MoDis s MoDis
80% | wmm AUM . AUM
60% Confidence Confidence
40%
20% l II Il
0%
100% Pubmed CoraFull
o s MoDis s MoDis
° 80% . AUM . AUM
g 60% Confidence Confidence .
-
 40%
o
LE 20% Il l Il Il Il
0%
100% AmazonCS AmazonPhoto
N MoDis N MoDis
80% | wum AUM . AUM
60% Confidence Confidence
40%
20% -
0%'4--—-—-——-——..— - | ™
’§\? 8\? 8\? S\? 078\9 ’§\-e\ ,§\9 S\F 8\? S\?
o o N o o N N o N N
RS NS NS CACRN

Figure 4: The error ratios of pseudo-labeled nodes on six
graphs. The proposed MoDis selects pseudo-labeled nodes
with the lowest error ratios in most scenarios compared to
confidence and AUM. The x-axis denotes node groups that
imply priority of nodes being selected for pseudo-labeling.

the results, we make two observations: (i) The error ratio consis-
tently increases as we progress through successive groups, which
corresponds to the order of pseudo-labeled nodes. This increasing
trend indicates the efficacy of the 3 uncertainty measures: lower
uncertainty correlates with higher correctness. (ii) our proposed
MoDis outperforms confidence score and AUM in most scenarios,
providing pseudo-labeled nodes with the lowest error ratios.

4.1.2  Information Gain from Pseudo Labels. We also evaluate the
information gained from pseudo labels to the model. Base on the
concept of expected gradient length in active learning [29], we de-
sign model perturbation p to measure the information gain, which
is the change in the gradient caused by adding pseudo labels,

p=IIVE(YL U Ip; fo)llp = IVE(YLs fo)llF»
where V£(-) denotes the gradient of model fy, Y1 and Yp denote
real label set and pseudo label set, respectively. Frobenius norm
|| - |l is used to quantify the gradient. For simplicity, we first train
the model using labels in Y, until it converges. As a result, the value
of ||V¢(YL;0)||F approaches zero, which allows us to approximate

Table 2: The model perturbation caused by pseudo labels

CPL/C | 20 30 | 20 30 | 20 30
Dataset ‘ Cora ‘ Pubmed

Confidence | 181.1 2784 | 157.2 2357 | 454 68.5
AUM 179.9  272.1 | 155.9 240.8 | 39.8 55.9

Citeseer ‘

MoDis 187.3 302.2 | 172.2 257.8 | 454 68.5
Dataset ‘ CoraFull AmazonCS AmazonPhoto

Confidence | 4568 6010 1742 2528 1320 1880

AUM 4492 5926 1652 2470 1224 1795

MoDis 4869 6797 | 2108 5869 | 1392 1970
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Table 3: The node classification accuracy of pseudo-labeling algorithms on citation graphs (%)
Dataset ‘ Cora ‘ Citeseer ‘ Pubmed ‘ CoraFull
L/C | 3 5 10 20 | 3 5 10 20 | 3 5 10 20 | 3 5 10 20
Pseudo-labeling algorithms with GCN
Base model 64.47 7406 77.85 80.88 | 58.04 63.73 70.84 72.02 | 67.93 7152 7498 79.78 | 41.83 4990 56.20 62.07
Confidence 63.09 7251 77.01 80.01 | 60.22 64.41 6939 7157 | 6341 7146 7201 77.90 | 43.66 50.72 56.93 61.64
AUM 64.28 71.84 7674 79.89 | 58.99 6499 70.13 7142 | 63.51 70.84 70.51 77.00 | 43.85 51.14 57.46 61.86
MoDis 64.92 7452 79.29 81.00 | 59.89 65.16 6997 7175 | 67.87 71.89 7490 79.73 | 43.97 5121 57.68 61.88
Confidence-MS | 63.09 7247 7695 79.64 | 62.10 65.65 71.04 7231 | 60.19 67.01 70.04 76.86 | 42.77 51.26 56.98 61.53
AUM-MS 63.88 72.03 7698 79.63 | 61.90 66.09 71.05 72.44 | 59.55 6635 69.58 73.72 | 42.16 51.16 56.87 61.54
MoDis-MS 69.00 7536 79.84 81.58 | 65.24 68.59 71.19 7237 | 70.32 7254 75.05 79.84 | 44.70 51.30 57.93 62.26
Pseudo-labeling algorithms with GAT
Base model 63.84 70.38 78.65 81.78 | 43.77 5694 6791 70.65 | 66.45 6894 74.63 77.39 | 39.17 47.09 53.12 59.65
Confidence 73.99 74.67 7834 8142 | 64.02 67.27 69.15 70.65 | 64.52 65.68 69.10 72.05 | 39.90 48.22 55.57 60.06
AUM 67.77 75.01 7863 8094 | 61.13 66.62 70.15 71.11 | 67.34 6851 70.10 72.57 | 40.01 49.40 5497 60.56
MoDis 7290 7472 7893 8154 | 5931 67.52 70.25 7150 | 68.20 69.16 7198 74.11 | 41.11 49.07 54.58 60.23
Confidence-MS | 73.24 75.13 7834 8142 | 64.02 67.27 69.15 70.65 | 6452 65.68 69.10 72.05 | 39.34 4830 54.83 60.16
AUM-MS 67.18 7452 7853 79.64 | 63.15 6699 69.45 7040 | 64.69 67.75 67.53 70.01 | 38.67 4883 5433 59.96
MoDis-MS 75.17 7590 7895 82.05 | 65.22 67.90 7097 72.56 | 68.86 70.05 7282 76.63 | 43.82 50.72 55.57 61.09
Pseudo-labeling algorithms with APPNP
Base model 65.66 74.05 79.76 81.99 | 4449 60.29 66.54 70.69 | 66.83 72.29 7559 78.78 | 40.74 4894 5537 61.01
Confidence 7339 76.70 80.56 81.86 | 60.63 68.51 71.28 7198 | 69.40 7135 75.80 7836 | 43.05 49.96 55.51 58.46
AUM 7135 77.50 80.03 81.94 | 59.50 67.30 70.44 71.84 | 69.73 7231 7421 76.66 | 43.09 49.92 56.17 59.65
MoDis 7426  76.56 80.00 82.10 | 61.04 66.71 71.52 7245 | 70.14 71.71 76.79 79.21 | 42.68 4849 54.62 59.62
Confidence-MS | 73.48 76.69 80.76 82.08 | 63.74 66.46 7122 7131 | 69.34 6935 73.23 74.49 | 40.96 4852 54.55 57.85
AUM-MS 70.11  76.72 80.70  82.05 | 64.22 69.23 7130 7130 | 69.55 6991 70.84 71.80 | 40.48 49.12 54.69 59.37
MoDis-MS 75.85 77.79 8095 83.32 | 65.13 69.62 7158 72.70 | 70.23 7239 77.02 79.37 | 43.23 50.15 56.18 60.00
Pseudo-labeling algorithms with GCNII

Base model 64.61 71.25 7862 8475 | 50.83 6157 69.23 72.69 | 6435 70.55 7596 7839 | 43.08 4935 56.52 61.08
Confidence 65.11 7090 79.60 84.45 | 51.69 61.24 69.40 7226 | 67.79 6894 74.09 7844 | 41.63 47.59 55.03 59.30
AUM 63.22 7334 79.75 8445 | 53.24 5637 6898 7221 | 69.28 71.06 74.01 7850 | 41.56 48.62 56.46 61.22
MoDis 65.11 7594 80.04 8445 | 55.06 61.24 69.40 7226 | 71.35 7222 74.09 7850 | 4245 4990 57.15 61.22
Confidence-MS | 63.55 71.75 79.88 84.52 | 49.96 60.07 70.25 71.68 | 66.87 69.54 75.86 79.25 | 41.93 48.87 5531 59.56
AUM-MS 63.06 74.65 7990 84.65 | 51.94 57.68 68.24 72.75 | 67.92 70.65 71.67 79.38 | 42.64 49.40 56.78 61.07
MoDis-MS 77.55 78.14 80.45 85.08 | 65.07 68.54 7143 72.86 | 69.28 7131 76.13 79.43 | 43.26 50.28 57.68 61.57

model perturbation p as ||V (Yp; 0)||f directly. Here, the model
perturbation p is calculated on a given number of correct pseudo-
labeled nodes produced. Only correct pseudo labels are used, as
what incorrect pseudo labels introduce is harmful information.
CPL/C denotes the number of correct pseudo labels per class.

Table 2 shows the model perturbation caused by adding pseudo-
labeled nodes given by the three uncertainty measures. It can be
observed that in all scenarios, pseudo-labeled nodes given by MoDis
cause greater perturbations on gradient, which suggests the model
gains more information from these pseudo labels.

From the evaluation of correctness and information gain, it can
be concluded that our proposed MoDis outperforms confidence score
and AUM, as the pseudo-labeled nodes slected by MoDis are not only
more correct but also more informative.

4.2 Comparisons on Node Classification (Q2)

We further validate the efficacy of our proposed MoDis by eval-
uating the performance of graph neural networks equipped with
MoDis based pseudo-labeling. The experiments are conducted on
eight benchmark graph datasets on inductive node classification
tasks. We adopt classification accuracy as evaluation metric.

Node labels are predicted by using Algorithm 2, and pseudo
labels are produced by Algorithm 1 or its variants in which MoDis
is replaced with confidence score or AUM. We adopt four widely-
used graph neural networks, GCN [18], GAT [37], APPNP[11] and
GCNII [7], as the base model fp in Algorithm 2, following the same
hyper-parameter settings in their original papers.

The extensive comparative results are summarized in Table 3
and 4. In these tables, “Base model” denotes the corresponding base
model without pseudo-labeling; “Confidence”, “AUM”, and “MoDis”
represent the base model equipped with respective pseudo-labeling
methods; an “MS" suffix indicates a multi-stage pseudo-labeling,
i.e, K > 11in Algorithm 2. In the absence of this suffix, K = 1.

The results presented in Table 3 and 4 highlight that our proposed
MoDis consistently outperforms the competitors in most scenarios.
Specifically, we have the following three observations:

o The performance of GCN, GAT, APPNP, and GCNII models de-
creases significantly as the number of labeled nodes per category
(L/C) decreases. This indicates that pseudo-labeling algorithms
bring performance improvement compared to base models, espe-
cially when the number of labeled nodes is very limited.
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Table 4: The node classification accuracy of pseudo-labeling algorithms on citation and co-purchasing graphs (%)

Dataset ‘ AmazonCS ‘ AmazonPhoto ‘ CoauthorCS ‘ CoauthorPhysics
L/C | 3 5 10 20 | 3 5 10 20 | 3 5 10 20 | 3 5 10 20
Pseudo-labeling algorithms with GCN
Base model 66.59 76.68 80.41 82.80 | 87.08 87.53 91.39 9342 | 88.83 90.72 9152 9234 | 84.20 85.59 8850 89.78
Confidence 67.18 77.26  80.58 8243 | 86.60 88.67 91.23 93.21 | 87.75 90.71 9239 9284 | 8539 86.93 8875 90.10
AUM 68.25 77.01 80.27 82.64 | 86.61 8859 91.14 9356 | 87.99 90.68 9232 9286 | 85.86 87.15 88.54 90.00
MoDis 68.72 7674 81.00 82.76 | 87.30 88.19 91.68 93.62 | 89.01 90.68 9231 92.89 | 85.65 87.35 88.87 90.10
Confidence-MS | 66.89 77.08 80.72 82.01 | 86.41 88.21 91.15 93.20 | 87.08 90.83 92.10 92.72 | 85.75 87.36 88.81 90.13
AUM-MS 66.54 78.38 80.84 8234 | 85.85 88.42 9091 93.12 | 87.94 90.94 9211 92.84 | 85.71 87.40 88.65 90.11
MoDis-MS 68.97 7737 81.19 83.06 | 88.03 89.23 91.87 93.79 | 89.91 92,54 93.34 93.62 | 86.46 88.00 91.00 92.36
Pseudo-labeling algorithms with GAT
Base model 63.80 72.09 80.59 8245 | 81.27 89.33 9198 9258 | 90.60 91.34 9225 92.66 | 80.64 82.70 88.82 89.89
Confidence 63.84 7579 80.64 82.03 | 87.11 88.74 91.27 9291 | 88.30 90.79 92.10 92.81 | 83.44 85.74 88.04 88.68
AUM 64.58 7570 79.73 81.72 | 88.79 87.55 9210 93.10 | 89.35 90.60 9226 92.89 | 84.84 85.84 8847 89.83
MoDis 67.99 76.85 81.15 8236 | 87.99 89.12 91.79 9327 | 90.35 90.72 9235 9294 | 83.30 85.89 8844 90.11
Confidence-MS | 66.75 7546 79.67 81.99 | 87.66 89.11 91.20 93.04 | 90.01 91.09 91.65 92.86 | 83.01 86.20 87.78 89.88
AUM-MS 67.68 7572 79.78 82.19 | 87.59 88.81 9194 9329 | 89.86 91.29 9224 9291 | 83.62 8732 87.84 89.70
MoDis-MS 70.85 7891 81.16 82.52 | 88.19 89.45 92.06 93.46 | 91.16 91.54 92.57 93.09 | 87.97 88.89 89.10 90.30
Pseudo-labeling algorithms with APPNP
Base model 68.50 76.60 80.45 81.78 | 87.04 88.78 91.43 9352 | 89.85 90.97 9194 92.75 | 86.18 87.52 8834 90.03
Confidence 68.67 7637 7829 8131 | 87.10 89.27 9226 93.82 | 87.65 90.80 92.23 93.03 | 87.83 88.41 89.63 90.95
AUM 68.73 7559 7993 8145 | 87.74 89.53 9226 93.87 | 89.95 91.10 9252 93.11 | 87.41 88.47 89.64 90.63
MoDis 70.09 7631 80.63 8233 | 87.73 89.65 92.43 9392 | 91.39 92.11 92.72 93.16 | 87.69 89.53 89.87 91.05
Confidence-MS | 65.17 7596 80.18 80.99 | 86.14 89.96 92.19 9345 | 87.33 91.14 91.87 92.68 | 87.74 88.25 89.60 90.81
AUM-MS 66.14 75.18 7994 8144 | 87.75 8854 91.77 9351 | 89.50 91.12 9247 9295 | 86.78 87.63 89.22  90.19
MoDis-MS 70.26 78.58 81.12 82.46 | 89.03 90.04 92.52 93.97 | 92.04 92.18 92.79 93.28 | 88.32 89.62 89.95 91.32
Pseudo-labeling algorithms with GCNII
Base model 62.92 7407 7886 80.87 | 84.84 86.58 91.78 9285 | 91.26 91.57 93.19 94.00 | 87.94 8896 89.62 90.88
Confidence 61.30 7394 7688 79.26 | 82.71 84.46 91.05 91.71 | 90.38 91.50 93.11 94.06 | 88.36 8831 89.51 91.34
AUM 61.56 7416 77.79 79.94 | 83.32 85.67 91.65 9296 | 90.87 91.89 93.26 94.06 | 87.92 8841 89.20 91.03
MoDis 62.66 74.57 7881 80.19 | 84.77 86.32 9193 93.13 | 91.39 9238 93.33 94.09 | 88.45 88.65 89.81 91.34
Confidence-MS | 63.74 69.69 77.27 78.95 | 82.87 8513 9144 91.19 | 90.61 9153 9244 93.66 | 88.37 89.39 90.00 91.80
AUM-MS 62.00 7638 78.61 79.96 | 84.81 86.36 9235 93.21 | 91.62 92.00 93.04 93.82 | 88.28 88.15 90.33 9143
MoDis-MS 64.52 76.67 78.95 81.02 | 85.06 86.79 92.83 93.54 | 91.95 9242 93.83 94.55 | 89.91 90.89 91.05 92.27
e Employing MoDis based pseudo-labeling algorithm always re- Table 5: The experimental results in OOD setting
sults in better classification accuracy than competitors, com-
pared to the wildly-used confidence score, achieving an average Dataset Cora AmazonCS  AmazonPhoto  CoauthorCS
improvement of 3.11% (the average performance gap between Metric ACCY (in-distribution) / FPR@95] (out-of-distribution)
MoDis-MS and Confidence-MS in all columns of Table 3 and Base model  74.2/64.7  68.7/56.9 93.5/25.5 70.7/14.2
4) and reaching up to 30.24% (L/C = 3, GCNII model, Citeseer Confidence  79.1/53.6  71.2/54.6 95.5/27.5 70.8/21.5
dataset). This again demonstrates the efficacy of MoDis. AUM 80.1/48.5  71.8/54.5 95.2/26.8 73.3/13.6
e Multi-stage pseudo-labeling algorithms offer significant benefits MoDis 82.1/43.4  73.9/52.9 97.3/18.8 76.5/14.7

when working with very limited labeled nodes. However, the
benefits seem to reduce as the quantity of labeled nodes increases.

4.3 Validation on OOD Nodes (Q3)

In this section, we validate the proposed MoDis in handling out-
of-distribution (OOD) nodes. We integrate the proposed pseudo-
labeling algorithm with OODGAT [32] that is a model specifically
designed for OOD tasks in graphs. We adopt the same experimental
setup in the original paper, except for the number of labeled nodes
per category L/C = 3. We divide nodes into in-distribution and
out-of-distribution classes, as detailed in Appendix.

This validation consists of two tasks, in-distribution node classi-
fication and out-of-distribution detection. Two metrics are adopted

to evaluate the two tasks, respectively. Specifically, classification
accuracy (ACC) is used on node classification, and false positive rate
at 95% true positive rate (FPR@95) are used on out-of-distribution
detection. In experiments, node labels are predicted by using Al-
gorithm 2, in which we adopt OODGAT-ATT as the base model fp.
Pseudo labels are produced by Algorithm 1 or its variants in which
MoDis is replaced with confidence score or AUM.

The experimental results in OOD setting are summarized in Table
5. We can observe that the model OODGAT-ATT equipped with
MoDis based pseudo-labeling algorithm markedly improves the
accuracy of in-distribution node classification on the four datasets.
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Figure 5: The results of grid search — accuracies of node clas-

sification in different settings of the two hyper-parameters.
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Remarkably, MoDis also demonstrate efficacy in detecting out-of-
distribution nodes, outperforming competitors in most scenarios.
We also observe confidence score achieves improvements. This
likely be attributed to the high homophily in the graphs [26]. The
graph neural network, owing to the inherent smoothing effect of
propagation, tends to be more confident for ID nodes.

4.4 Analysis on Training Dynamics (Q4)

We further investigate memory bank, which is fundamental in the
proposed method and is used to captures training dynamics. To
this end, we execute a grid search on two hyper-parameters that
exactly determines the memory bank, i.e, the starting epoch for
recording and the number of epochs to be recorded. Specifically,
the starting epoch signifies the training epoch at which we start to
record predictions to construct the memory bank; the number of
epochs indicates the total number of training epochs during which
predictions are recorded. The grid search is conducted on node
classification task and adopt GCN as the base model in Algorithm 2.
Fig 5 summarize the results of grid search in terms of classifica-
tion accuracy on three citation graphs. We can observe that if the
starting epoch is too early or the number of epochs is not sufficient,
performance may be suboptimal. It is because, during the early
phases of training, the model changes dramatically, potentially in-
troducing errors when computing MoDis. A limited number of
epochs fails to fully capture training dynamics. Therefore, a simple
yet effective strategy to determine the hyper-parameters is to en-
large the memory bank by increasing the number of epochs, which
however increases computational overhead, reducing efficiency.

5 RELATED WORK AND DISCUSSION
5.1 Comparisons to Existing Methods

Pseudo-labeling [20] was introduced as an effective and widely
adopted strategy in semi-supervised learning, which predicted la-
bels of unlabeled data, as a data augmentation of limited labeled
data. Considering extensive unlabeled nodes in a single graph, espe-
cially for transductive graph learning task, [21] and [35] extended
pseudo-labeling algorithms to the field of SSGL. The wildly-used
uncertainty measure for pseudo-labeling is confidence score, and a
comprehensive overview of uncertainty is given in the survey [12].
Based on confidence score, recent works attempt to improve the
quality of pseudo labels by using topological information in[42]
and [34], and by refining training framework in [22] and [44].
The principal novelty of our proposed MoDis, distinct from
existing methods, is the perspective of training dynamics,

Anon.

which introduces a novel way for estimating prediction un-
certainty. In essence, the most significant contribution of this
paper lies in revealing that training dynamics contain valuable in-
formation regarding prediction uncertainty in graph learning. In
contrast, the confidence score is calculated from a softmax prob-
ability distribution provided by the model after training; Monte-
Carlo dropout [10], another popular method for measuring un-
certainty, enables dropout during testing and performs multiple
forward passes through the network after training. The proposed
MoDis is orthogonal to the existing uncertainty measures.
According to taxonomy in recent surveys on uncertainty in deep
learning [1, 12], the proposed MoDis can be viewed as a special
ensemble method, where models at different training epochs are
treated as ensemble members. The ensemble method derives a
prediction based on the aggregated predictions from multiple en-
semble members (models), whose assumption is that a group of
decision-makers typically makes better decisions than an individual.
In addition, ensemble methods provide a way to estimate predic-
tion uncertainty by evaluating the variety among the member’s
predictions [19]. A similar self-ensembling strategy is employed to
filter out noise labels [25]. Ensemble-based uncertainty estimation
requires training multiple models as members, while the calcula-
tion of MoDis is only based on a single training process. Thus,
one important advantage of the proposed MoDis is computational
efficiency, compared to classical ensemble-based methods.

5.2 Algorithm Limitation — No Free Lunch

The proposed algorithm also follows the “no free lunch” theorem
[41]. Although MoDis based pseudo-labeling algorithm has time
complexity comparable to popular confidence score-based methods,
it introduces additional space complexity due to the usage of the
memory bank M to capture training dynamics. The space complex-
ity of M is O(n|T]), where n denotes the number of nodes in graph
and |7| represents the number of sampled epochs to construct M.
In practice, n substantially exceeds |7|, rendering the additional
complexity to be O(|n|), linearly with the size of graph.

6 CONCLUSION

In this study, we uncover that training dynamics offer significant
insights into prediction uncertainty in graph learning. Leverag-
ing training dynamics, we proposed a novel uncertainty measure,
memory disagreement (MoDis) for pseudo-labeling, which is able
to identify both correct and informative pseudo-labeled nodes in
SSGL. This presents an alternative way to avoid the limitations of
the widely-used confidence score. The implementation of MoDis
showcases its adaptability, as evidenced by its successful application
across various graph neural networks and its superior performance
on multiple benchmark graph datasets. The enhanced correctness
and information gain of pseudo labels offered by MoDis herald a
promising future for its widespread adoption. This paper sets a new
benchmark in pseudo-labeling based SSGL.

Our future work includes three parts: (i) Developing the theoret-
ical foundations of MoDis, especially a guidance for constructing
an effective memory bank; (ii) Designing MoDis uncertainty aware
graph neural networks to deal with noise in graph data; (iii) Ex-
panding the application of MoDis from graph learning to other
domains of semi-supervised learning, such as computer vision.

871
872
873
874
875
876
877
878
879
880
881
882
883
884
885
886
887
388
889
890
891
892
893
894
895
896
897
898
899
900
901
902
903
904
905
906
907
908
909
910
911
912
913
914
915
916
917
918
919
920
921
922
923
924
925
926
927
928



929
930
931
932
933
934
935
936
937
938
939
940
941
942
943
944
945
946
947
948
949
950
951
952
953
954
955
956
957
958
959
960
961
962
963
964
965
966
967
968
969
970
971
972
973
974
975
976
977
978
979
980
981
982
983
984
985

986

Memory Disagreement: A Pseudo-Labeling Measure
from Training Dynamics for Semi-supervised Graph Learning

REFERENCES

(1]

[10]

[11]

[12]

(13

[14]

[15]

[16

[17

(18]

[19

[20]

[21]

[22

[23

[24]

Moloud Abdar, Farhad Pourpanah, Sadiq Hussain, Dana Rezazadegan, Li Liu, Mo-
hammad Ghavamzadeh, Paul Fieguth, Xiaochun Cao, Abbas Khosravi, U Rajendra
Acharya, et al. 2021. A review of uncertainty quantification in deep learning:
Techniques, applications and challenges. Information fusion 76 (2021), 243-297.
Devansh Arpit, Stanislaw Jastrzebski, Nicolas Ballas, David Krueger, Emmanuel
Bengio, Maxinder S. Kanwal, Tegan Maharaj, Asja Fischer, Aaron Courville,
Yoshua Bengio, and Simon Lacoste-Julien. 2017. A Closer Look at Memorization
in Deep Networks. In Proceedings of the 34th International Conference on Machine
Learning (Proceedings of Machine Learning Research, Vol. 70). PMLR, 233-242.
David Berthelot, Nicholas Carlini, Ian Goodfellow, Nicolas Papernot, Avital Oliver,
and Colin A Raffel. 2019. Mixmatch: A holistic approach to semi-supervised
learning. Advances in neural information processing systems 32 (2019).
Aleksandar Bojchevski and Stephan Giinnemann. 2018. Deep Gaussian Embed-
ding of Graphs: Unsupervised Inductive Learning via Ranking. In International
Conference on Learning Representations. 1-13.

Paola Cascante-Bonilla, Fuwen Tan, Yanjun Qi, and Vicente Ordonez. 2021. Cur-
riculum labeling: Revisiting pseudo-labeling for semi-supervised learning. In
Proceedings of the AAAI Conference on Artificial Intelligence, Vol. 35. 6912-6920.
Olivier Chapelle and Alexander Zien. 2005. Semi-supervised classification by
low density separation. In International workshop on artificial intelligence and
statistics. PMLR, 57-64.

Ming Chen, Zhewei Wei, Zengfeng Huang, Bolin Ding, and Yaliang Li. 2020.
Simple and deep graph convolutional networks. In International conference on
machine learning. PMLR, 1725-1735.

A Philip Dawid. 1982. The well-calibrated Bayesian. . Amer. Statist. Assoc. 77,
379 (1982), 605-610.

Emilio Dorigatti, Jann Goschenhofer, Benjamin Schubert, Mina Rezaei, and Bernd
Bischl. 2022. Positive-Unlabeled Learning with Uncertainty-aware Pseudo-label
Selection. https://openreview.net/forum?id=jJis-v9Pzhj

Yarin Gal and Zoubin Ghahramani. 2016. Dropout as a bayesian approximation:
Representing model uncertainty in deep learning. In international conference on
machine learning. PMLR, 1050-1059.

Johannes Gasteiger, Aleksandar Bojchevski, and Stephan Giinnemann. 2019.
Predict then Propagate: Graph Neural Networks meet Personalized PageRank. In
International Conference on Learning Representations.

Jakob Gawlikowski, Cedrique Rovile Njieutcheu Tassi, Mohsin Ali, Jongseok
Lee, Matthias Humt, Jianxiang Feng, Anna Kruspe, Rudolph Triebel, Peter Jung,
Ribana Roscher, et al. 2023. A survey of uncertainty in deep neural networks.
Artificial Intelligence Review (2023), 1-77.

Yves Grandvalet and Yoshua Bengio. 2004. Semi-supervised learning by entropy
minimization. Advances in neural information processing systems 17 (2004).
Chuan Guo, Geoff Pleiss, Yu Sun, and Kilian Q Weinberger. 2017. On calibration of
modern neural networks. In International conference on machine learning. PMLR,
1321-1330.

Haiyun He, Gholamali Aminian, Yuheng Bu, Miguel Rodrigues, and Vincent YF
Tan. 2023. How Does Pseudo-Labeling Affect the Generalization Error of the Semi-
Supervised Gibbs Algorithm?. In International Conference on Artificial Intelligence
and Statistics. PMLR, 8494-8520.

Matthias Hein, Maksym Andriushchenko, and Julian Bitterwolf. 2019. Why
relu networks yield high-confidence predictions far away from the training data
and how to mitigate the problem. In Proceedings of the IEEE/CVF Conference on
Computer Vision and Pattern Recognition. 41-50.

Zijian Hu, Zhengyu Yang, Xuefeng Hu, and Ram Nevatia. 2021. Simple: Similar
pseudo label exploitation for semi-supervised classification. In Proceedings of the
IEEE/CVF Conference on Computer Vision and Pattern Recognition. 15099-15108.
Thomas N. Kipf and Max Welling. 2017. Semi-Supervised Classification with
Graph Convolutional Networks. In International Conference on Learning Repre-
sentations. https://openreview.net/forum?id=SJU4ayYgl

Balaji Lakshminarayanan, Alexander Pritzel, and Charles Blundell. 2017. Simple
and scalable predictive uncertainty estimation using deep ensembles. Advances
in neural information processing systems 30 (2017).

Dong-Hyun Lee et al. 2013. Pseudo-label: The simple and efficient semi-
supervised learning method for deep neural networks. In Workshop on challenges
in representation learning, ICML, Vol. 3. 896.

Qimai Li, Zhichao Han, and Xiao-Ming Wu. 2018. Deeper insights into graph
convolutional networks for semi-supervised learning. In Proceedings of the AAAI
conference on artificial intelligence, Vol. 32.

Yayong Li, Jie Yin, and Ling Chen. 2023. Informative pseudo-labeling for graph
neural networks with few labels. Data Mining and Knowledge Discovery 37, 1
(2023), 228-254.

Galileo Namata, Ben London, Lise Getoor, Bert Huang, and U Edu. 2012. Query-
driven active surveying for collective classification. In 10th international workshop
on mining and learning with graphs, Vol. 8. 1.

Anh Nguyen, Jason Yosinski, and Jeff Clune. 2015. Deep neural networks are easily
fooled: High confidence predictions for unrecognizable images. In Proceedings of
the IEEE conference on computer vision and pattern recognition. 427-436.

Conference acronym °XX, June 03-05, 2018, Woodstock, NY

Duc Tam Nguyen, Chaithanya Kumar Mummadi, Thi Phuong Nhung Ngo, Thi
Hoai Phuong Nguyen, Laura Beggel, and Thomas Brox. 2020. SELF: Learning to
Filter Noisy Labels with Self-Ensembling. In International Conference on Learning
Representations. https://openreview.net/forum?id=HkgsPhNYPS

Oleg Platonov, Denis Kuznedelev, Artem Babenko, and Liudmila Prokhorenkova.
2022. Characterizing graph datasets for node classification: Beyond homophily-
heterophily dichotomy. arXiv preprint arXiv:2209.06177 (2022).

Mamshad Nayeem Rizve, Kevin Duarte, Yogesh S Rawat, and Mubarak Shah. 2021.
In Defense of Pseudo-Labeling: An Uncertainty-Aware Pseudo-label Selection
Framework for Semi-Supervised Learning. In International Conference on Learning
Representations. https://openreview.net/forum?id=-ODN6SbiUU

Prithviraj Sen, Galileo Namata, Mustafa Bilgic, Lise Getoor, Brian Galligher, and
Tina Eliassi-Rad. 2008. Collective classification in network data. AI magazine 29,
3(2008), 93-93.

Burr Settles, Mark Craven, and Soumya Ray. 2007.  Multiple-Instance
Active Learning. In Advances in Neural Information Processing Systems,
J. Platt, D. Koller, Y. Singer, and S. Roweis (Eds.), Vol. 20. Curran As-
sociates, Inc. https://proceedings.neurips.cc/paper_files/paper/2007/file/
a1519de5b5d44b31a01de013b9b51a80-Paper.pdf

Oleksandr Shchur, Maximilian Mumme, Aleksandar Bojchevski, and Stephan
Gunnemann. 2018. Pitfalls of graph neural network evaluation. arXiv preprint
arXiv:1811.05868 (2018).

Shoaib Ahmed Siddiqui, Nitarshan Rajkumar, Tegan Maharaj, David Krueger, and
Sara Hooker. 2023. Metadata Archaeology: Unearthing Data Subsets by Lever-
aging Training Dynamics. In The Eleventh International Conference on Learning
Representations. https://openreview.net/forum?id=PvLnlaJbt9

Yu Song and Donglin Wang. 2022. Learning on Graphs with Out-of-Distribution
Nodes. In Proceedings of the 28th ACM SIGKDD Conference on Knowledge Discovery
and Data Mining. 1635-1645.

Tiberiu Sosea and Cornelia Caragea. 2022. Leveraging Training Dynamics and
Self-Training for Text Classification. In Findings of the Association for Computa-
tional Linguistics: EMNLP 2022. 4750-4762.

Chuxiong Sun, Hongming Gu, and Jie Hu. 2021. Scalable and adaptive graph neu-
ral networks with self-label-enhanced training. arXiv preprint arXiv:2104.09376
(2021).

Ke Sun, Zhouchen Lin, and Zhanxing Zhu. 2020. Multi-stage self-supervised
learning for graph convolutional networks on graphs with few labeled nodes. In
Proceedings of the AAAI conference on artificial intelligence, Vol. 34. 5892-5899.
Laurens Van der Maaten and Geoffrey Hinton. 2008. Visualizing data using t-SNE.
Journal of machine learning research 9, 11 (2008).

Petar Velickovié¢, Guillem Cucurull, Arantxa Casanova, Adriana Romero, Pietro
Lio, and Yoshua Bengio. 2018. Graph Attention Networks. In International Con-
ference on Learning Representations.

Min Wang, Hao Yang, and Qing Cheng. 2022. GCL: Graph Calibration Loss for
Trustworthy Graph Neural Network. In Proceedings of the 30th ACM International
Conference on Multimedia. 988-996.

Xiao Wang, Hongrui Liu, Chuan Shi, and Cheng Yang. 2021. Be confident!
towards trustworthy graph neural networks via confidence calibration. Advances
in Neural Information Processing Systems 34 (2021), 23768-23779.

Yuxi Wang, Junran Peng, and ZhaoXiang Zhang. 2021. Uncertainty-aware pseudo
label refinery for domain adaptive semantic segmentation. In Proceedings of the
IEEE/CVF International Conference on Computer Vision. 9092-9101.

David H Wolpert and William G Macready. 1997. No free lunch theorems for
optimization. [EEE transactions on evolutionary computation 1, 1 (1997), 67-82.
Han Yang, Xiao Yan, Xinyan Dai, Yongqiang Chen, and James Cheng. 2021. Self-
enhanced gnn: Improving graph neural networks using model outputs. In 2021
International Joint Conference on Neural Networks (IJCNN). IEEE, 1-8.

Xujiang Zhao, Feng Chen, Shu Hu, and Jin-Hee Cho. 2020. Uncertainty aware
semi-supervised learning on graph data. Advances in Neural Information Process-
ing Systems 33 (2020), 12827-12836.

Ziang Zhou, Jieming Shi, Shengzhong Zhang, Zengfeng Huang, and Qing Li.
2023. Effective stabilized self-training on few-labeled graph data. Information
Sciences 631 (2023), 369-384.

987

988

989

990

991

992

993

994

995

996

997

998

999

1000
1001
1002
1003
1004
1005
1006
1007
1008
1009
1010
1011
1012
1013
1014
1015
1016
1017
1018
1019
1020
1021
1022
1023
1024
1025
1026
1027
1028
1029
1030
1031
1032
1033
1034
1035
1036
1037
1038
1039
1040
1041
1042
1043

1044


https://openreview.net/forum?id=jJis-v9Pzhj
https://openreview.net/forum?id=SJU4ayYgl
https://openreview.net/forum?id=HkgsPhNYPS
https://openreview.net/forum?id=-ODN6SbiUU
https://proceedings.neurips.cc/paper_files/paper/2007/file/a1519de5b5d44b31a01de013b9b51a80-Paper.pdf
https://proceedings.neurips.cc/paper_files/paper/2007/file/a1519de5b5d44b31a01de013b9b51a80-Paper.pdf
https://openreview.net/forum?id=PvLnIaJbt9

1064
1065
1066
1067
1068
1069
1070
1071
1072
1073
1074
1075
1076
1077
1078
1079
1080
1081
1082
1083
1084
1085
1086
1087
1088
1089
1090
1091
1092
1093
1094
1095
1096
1097
1098
1099
1100
1101

1102

Conference acronym °XX, June 03-05, 2018, Woodstock, NY

APPENDIX

This appendix consists of two sections. We describe experimental
details in the first section, and analyze number of pseudo-labeled
nodes required for semi-supervised learning in the second section.

A EXPERIMENTAL DETAILS

The following four subsections present details of the four corre-
sponding experiments in the main paper, respectively. The details
mainly include experiment protocols and hyper-parameter settings.

A.1 Details of Experiment 1

Experiment 1 is to evaluate the quality of pseudo labels given by
the proposed MoDis. We evaluate the quality from two beforemen-
tioned aspects, correctness and information gain. We adopt GCN as
base model with the same hyper-parameters in [18]. Datasets includ
Cora, Citeseer, Pubmed, CoraFull, AmazonCS, and AmazonPhoto.
We only assign 3 labeled nodes per class in training, i.e., L/C = 3.

Correctness evaluation. In this experiment, we first predict
labels for all unlabeled nodes using a pre-trained GCN model. We
then rank these predicted labels according to the three uncertainty
measures in descending order, i.e., MoDis, confidence score, and
AUM, respectively. Each ranked label sequence is further segmented
into 10 equal groups. Intuitively, predicted labels in top groups
should be prioritized as pseudo labels because they have higher
correctness than the rest. We subsequently calculate correctness
of the top 5 groups of each sequences in terms of error ratio that is
defined in the main paper. Based on the calculated correctness, we
compare the quality of pseudo labels given by the three measures,
as shown in Fig. 4 in the main paper.

Information gain evaluation. We employ model perturbation
p to assess the information gain introduced by the pseudo-labeled
nodes. This metric measures gradient changes resulting from the
inclusion of pseudo-labeled nodes, and the detailed calculation of
p is presented in the main paper.

In this experiment, we first train a GCN model until it reaches
convergence. Then, we identify and select the a pre-given number,
CPL/C, of correct pseudo labels by using the three uncertainty
measures, i.e., MoDis, confidence score, and AUM, respectively. We
subsequently retrain the GCN model using these pseudo labels and
calculate the model perturbation p. It’s important to note that for
a meaningful evaluation of information gain, only correct pseudo
labels are utilized. The model perturbations corresponding to the
three measures are summarized in Table 2 in the main paper.

A.2 Details of Experiment 2

In experiment 2, node classification is conducted on eight bench-
mark graph datasets. To thoroughly evaluate our proposed method,
we establish scenarios with various label information in data. We
adjust the number of labeled nodes per category, denoted as L/C, to
values of 3, 5, 10, and 20 in all datasets. When L/C = 20, we follow
the original partition provided by the datasets as referenced in the
main paper. For other L/C setting, we conduct 10 random splits.
Each of these splits involves randomly selecting a subset of nodes
from the training set where L/C = 20.

Utilizing the curated data, we employ Algorithm 1 to generate
pseudo labels and use Algorithm 2 for node label prediction. For

10

Anon.

baseline comparisons, we substitute MoDis MoDis with either the
confidence score or AUM within the respective algorithm.

Utilizing the prepared data, we employ Algorithm 1 to gener-
ate pseudo labels and use Algorithm 2 for predicting node labels.
For baseline comparisons, we substitute MoDis with either the
confidence score or AUM in the corresponding algorithm. In the
algorithms, we adopt four widely used graph neural network mod-
els as the base model, namely GCN [18], GAT [37], APPNP[11] and
GCNII [7], following the same hyper-parameter settings in their
original papers. For all methods and settings, we run the experi-
ment 10 times and report the average accuracy, are summarized in
Table 3 and 4 in the main paper.

We employ grid search to determine the optimal hyper-parameters
for both our method and baseline methods. The specific hyper-
parameter configurations can be found in Table 6, 7, 8, and 9. In
these tables:

e "Hidden num" denotes the number of neurons in the net-
work’s hidden layer;

e "No. of layers" indicates the total number of layers within
the network;

e "Learning rate" specifies the learning rate utilized;

o "Weight decay" denotes the weight decay associated with
the L2 regularization term;

e "K" indicates the number of stage in the self-training algo-
rithm;

e "P" denotes the total number of pseudo-labeled nodes used
in each category;

e "Starting epoch" signifies the training epoch at which we
start to record predictions to construct the memory bank;

e "Number of epochs” indicates the total number of training
epochs during which predictions are recorded by the mem-
ory bank;

e "y"represent the temperature coefficient in the Sharpen func-
tion.

A.3 Details of Experiment 3

Experiment 3 aims to validate our proposed method on OOD (Out-
of-Distribution) nodes in a graph. In this graph learning scenario
with OOD nodes, some unlabeled nodes originate from distributions
distinct from the labeled nodes. For clarity, we categorize unlabeled
nodes that share the same distribution with labeled nodes as ID (in-
distribution) nodes, commonly known as inliers. While, unlabeled
nodes from different distributions are identified as OOD (out-of-
distribution) nodes, or outliers. There are two tasks in this OOD
experiment: (1) semi-supervised node classification for the ID nodes,
and (2) OOD nodes detection. We use classification accuracy (ACC)
to evaluate the semi-supervised node classification task, and employ
false positive rate at 95% true positive rate (FPR@95) to evaluate
the OOD nodes detection task.

We leverage OODGAT, a graph attention network specially de-
signed for OOD data, as base model in our pseudo labeling algo-
rithms, following the same hyper-parameter setting specified in
OODGAT’s original paper [32]. The experiment is conducted on
four graph datasets, Cora, AmazonComputers, AmazonPhoto, and
CoauthorCS. For every dataset, nodes are partitioned into ID classes
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and OOD classes, with the specific configurations detailed in Ta-
ble 10. We form the training set by randomly choosing three nodes
from each ID class; the validation set is composed of ten randomly
selected nodes from ID classes. All remaining nodes constitute the
test set for the OOD node detection task; the remaining nodes in
ID classes for the semi-supervised node classification task.

We train model on training set that only contains ID nodes. When
selecting pseudo-labeled nodes, we consider all unlabelled nodes
that are in ID or OOD classes. It’s evident that taking OOD nodes as
pseudo-labeled nodes can introduce large misleading information
to the model. For node classification, we follow the same experi-
ment protocols as that in experiment 2. For OOD detection, we use
the attention scores generated by OODGAT to identify whether
a unlabelled node belongs to ID or OOD classes, in an unsuper-
vised manner. The hyper-parameters used in this experiment are
summarized in Table 10. In this tables:

e "Hidden num" denotes the number of neurons in the net-
work’s hidden layer;

e "No. of layers" indicates the total number of layers within
the network;

e "Learning rate" specifies the learning rate utilized;

e "Weight decay" denotes the weight decay associated with
the L2 regularization term;

e "K" indicates the number of stage in the self-training algo-
rithm;

e "P" denotes the total number of pseudo-labeled nodes used
in each category;

e "Starting epoch" signifies the training epoch at which we
start to record predictions to construct the memory bank;

e "Number of epochs" indicates the total number of training
epochs during which predictions are recorded by the mem-
ory bank;

e "y"represent the temperature coefficient in the Sharpen func-
tion.

A.4 Details of Experiment 4

The memory bank serves as the foundation of our proposed method,

facilitating the capture of training dynamics. Two key hyper-parameters

govern the memory bank: the starting epoch and the number of
epochs. The starting epoch signifies the training epoch at which
we start to record predictions to construct the memory bank; the
number of epochs indicates the total number of training epochs
during which predictions are recorded by the memory bank.

To analyze the influence of these hyper-parameters on the algo-
rithm performance, we conduct a grid search on node classification
on three citation graphs, Cora, Citeseer, and Pubmed. For the start-
ing epoch, the explored values span [0, 10, 20, 50, 100], and for
the number of epochs, the range includes [1, 10, 20, 50, 100, 150,
200, 300]. We adopt the GCN as base model in our algorithms, and
training set contains only three labeled node per catergory, L/C = 3.
We follow the same experiment protocols as that in experiment 2.
The outcomes of grid search are visualized via a heatmap in Fig. 5
in the main paper.
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B ANALYSIS OF NUMBER OF
PSEUDO-LABELED NODES REQUIRED

In the node classification experiments, we take a grid search for
the optimal hyper-parameters in all datasets. Notably, there was
a marked variance in the total number of pseudo-labeled nodes
(denoted by parameter P in Table 6, 7, 8, and 9), comparing across
different datasets.

We observe a correlation between the number of pseudo labels
required and the average degree of a graph. This relationship is
visualized using a scatter diagram, as illustrated in Fig. 6. In Fig. 6,
each blue point represents the characteristics of a specific dataset:
the x-axis indicates the average degree of the graphs, while the y-
axis signifies the optimal number of pseudo-labeled nodes provided
by the grid search. Notably, the y-axis is on a logarithmic scale.
This observation can be reasonably explained by noting that as the
average degree of the graph rises, the supervised information from
both labeled and pseudo-labeled nodes propagates more rapidly
through the GCN model. Consequently, there’s a reduced need
to add additional pseudo-labeled nodes to effectively spread the
valuable supervised information throughout the graph.

We further validate this hypothesis by taking a Kendall corre-
lation test between average degree of graph and the parameter P
for L/C = 3 scenarios in Table 6, 7, 8, and 9. The resulting Kendall
correlation coefficient is -0.67 with an associated p-value of 0.02.
This outcome suggests a strong negative correlation between the
parameter P and the graph’s average node degree. We will deeply
explore this interesting correlation in our future work.

1077

10 1

Number of pseudo-labeled nodes
®

10 20 30
Average degree

Figure 6: The scatter diagram to visualize a negative correla-
tion between the number of pseudo labels required and the
average degree of a graph. Each blue point denotes the char-
acteristics of a dataset. The x-axis denotes average degree of
graphs, while the y-axis denotes number of pseudo-labeled
nodes required. The y-axis is on a logarithmic scale.
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Table 6: The hyper-parameters for GCN with the pseudo-labeling algorithm

Anon.

Dataset ‘ Cora ‘ Citeseer ‘ Pubmed ‘ CoraFull
L/C | 3 5 0 2 | 3 5 10 2 | 3 5 10 2 | 3 5 10 20
Hidden Num 16 16 16 16 16 16 16 16 16 16 16 16 64 64 64 64
No. of layers 2 2 2 2 2 2 2 2 2 2 2 2 2 2 2 2
Learning Rate 5E-2 5E-2 5E-2 5E-2 | 5E-2 5E-2 5E-2 5E-2 | 5E-2 5E-2 5E-2 5E-2 | 5E-2 5E-2 5E-2 5E-2
Weight Decay 5E-4 5E-4 5E-4 5E-4 | 5E-4 5E-4 5E-4 5E-4 | 5E-4 5E-4 5E-4 5E-4|5E-4 5E-4 5E-4 5E-4
K 2 2 2 2 7 7 3 5 5 5 2 3 3 3 3 3
Starting Epoch 0 20 50 50 50 50 50 20 50 50 50 50 100 100 100 100
Number of Epochs | 150 100 100 100 150 100 100 50 100 100 100 100 100 100 100 100
P 174 192 112 112 223 214 90 61 560 700 677 480 30 12 15 6
Y 0.1 0.1 0.01 0.01 0.9 0.6 0.1 0.4 0.01 0.01 0.01 0.01 0.1 0.1 0.1 0.1
Dataset ‘ AmazonCS ‘ AmazonPhoto ‘ CoauthorCS ‘ CoauthorPhy
L/C | 3 5. 10 20 | 3 510 20 | 3 510 20 | 3 5 10 20
Hidden Num 64 64 64 64 64 64 64 64 64 64 64 64 64 64 64 64
No. of layers 2 2 2 2 2 2 2 2 2 2 2 2 2 2 2 2
Learning Rate 5E-3 5E-3 5E-3 5E-3 | 5E-3 5E-3 5E-3 5E-3 | 5E-3 5E-3 5E-3 5E-3 | 5E-3 5E-3 5E-3 5E-3
Weight Decay 5E-3 5E-3 5E-3 5E-3 | 5E-3 5E-3 5E-3 5E-3 | 5E-3 5E-3 5E-3 5E-3 | 5E-3 5E-3 5E-3 5E-3
K 3 3 3 3 3 3 3 3 3 3 3 3 3 3 3 3
Starting Epoch 100 100 100 100 100 100 100 100 | 100 100 100 100 100 100 100 100
Number of Epochs | 100 100 100 100 100 100 100 100 100 100 100 100 100 100 100 100
P 6 6 6 6 6 6 6 18 60 60 60 60 120 120 90 90
Y 0.1 0.1 0.1 0.1 0.1 0.1 0.1 0.1 0.1 0.1 0.1 0.1 0.1 0.1 0.1 0.1
Table 7: The hyper-parameters for GAT with the pseudo-labeling algorithm
Dataset ‘ Cora ‘ Citeseer ‘ Pubmed ‘ CoraFull
L/C | 3 5 10 2 | 3 5 10 2 | 3 5 10 2 | 3 5 10 20
Hidden Num 8 8 8 8 8 8 8 8 8 8 8 8 32 32 32 32
No. of layers 2 2 2 2 2 2 2 2 2 2 2 2 2 2 2 2
Learning Rate 5E-3 5E-3 5E-3 5E-3 | 5E-3 5E-3 5E-3 5E-3 | 5E-3 5E-3 5E-3 5E-3 | 5E-2 5E-2 5E-2 5E-2
Weight Decay 5E-4 5E-4 5E-4 5E-4 | 5E-4 5E-4 5E-4 5E-4 | 5E-4 5E-4 5E-4 5E-4|5E-4 5E-4 5E-4 5E-4
K 3 4 4 3 6 3 2 2 4 4 3 2 3 3 3 3
Starting Epoch 20 100 10 50 50 50 50 50 50 50 50 20 100 100 100 100
Number of Epochs | 100 150 150 100 100 100 100 100 100 100 100 100 100 100 100 100
P 96 150 48 42 212 160 84 60 480 600 320 36 30 12 15 6
Y 0.5 0.5 0.5 0.5 0.1 0.1 0.1 0.1 0.01 0.01 0.01 0.01 0.1 0.1 0.1 0.1
Dataset AmazonCS AmazonPhoto CoauthorCS CoauthorPhy
L/C 3 5 10 20 3 5 10 20 3 5 10 20 3 5 10 20
Hidden Num 32 32 32 32 32 32 32 32 32 32 32 32 32 32 32 32
No. of layers 2 2 2 2 2 2 2 2 2 2 2 2 2 2 2 2
Learning Rate 5E-3 5E-3 5E-3 5E-3 | 5E-3 5E-3 5E-3 5E-3 | 5E-3 5E-3 5E-3 5E-3 | 5E-3 5E-3 5E-3 5E-3
Weight Decay 5E-3 5E-3 5E-3 5E-3 | 5E-3 5E-3 5E-3 5E-3 | 5E-3 5E-3 5E-3 5E-3 | 5E-3 5E-3 5E-3 5E-3
K 3 3 3 3 3 3 3 3 3 3 3 3 3 3 3 3
Starting Epoch 100 100 100 150 150 150 150 100 100 100 100 100 100 100 100 100
Number of Epochs | 100 100 100 50 50 50 50 100 100 100 100 100 100 100 100 100
P 6 6 6 3 3 12 3 12 60 100 100 100 100 100 100 100
Y 0.01 0.01 0.01 0.1 0.1 0.1 0.1 0.1 0.1 0.5 0.5 0.5 0.5 0.5 0.5 0.5
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Table 8: The hyper-parameters for APPNP with the pseudo-labeling algorithm

Dataset ‘ Cora ‘ Citeseer ‘ Pubmed ‘ CoraFull
L/C | 3 5 0 2 | 3 5 10 2 | 3 5 10 2 | 3 5 10 20
Hidden Num 64 64 64 64 64 64 64 64 64 64 64 64 64 64 64 64
No. of layers 2 2 2 2 2 2 2 2 2 2 2 2 2 2 2 2
Learning Rate 1E-2 1E-2 1E-2 1E-2 | 1E-2 1E-2 1E-2 1E-2 | 1E-2 1E-2 1E-2 1E-2 | 5E-2 5E-2 5E-2 5E-2
Weight Decay 5E-4 5E-4 5E-4 5E-4 | 5E-4 5E-4 5E-4 5E-4 | 5E-4 5E-4 5E-4 5E-4|5E-4 5E-4 5E-4 5E-4
K 5 4 3 3 2 4 3 3 3 3 2 4 3 3 3 3
Starting Epoch 100 100 100 100 100 100 100 100 100 100 100 100 100 100 100 100
Number of Epochs | 100 100 100 200 50 50 50 50 100 100 50 100 100 100 100 100
P 111 178 63 63 111 96 96 54 675 720 708 328 30 12 15 6
Y 0.5 0.5 0.5 0.5 0.1 0.1 0.1 0.1 0.01 0.01 0.01 0.01 0.1 0.1 0.1 0.1
Dataset ‘ AmazonCS ‘ AmazonPhoto ‘ CoauthorCS ‘ CoauthorPhy
L/C | 3 5. 10 20 | 3 510 20 | 3 510 20 | 3 5 10 20
Hidden Num 64 64 64 64 64 64 64 64 64 64 64 64 64 64 64 64
No. of layers 2 2 2 2 2 2 2 2 2 2 2 2 2 2 2 2
Learning Rate 5E-3 5E-3 5E-3 5E-3 | 5E-3 5E-3 5E-3 5E-3 | 5E-3 5E-3 5E-3 5E-3 | 5E-3 5E-3 5E-3 5E-3
Weight Decay 5E-3 5E-3 5E-3 5E-3 | 5E-3 5E-3 5E-3 5E-3 | 5E-3 5E-3 5E-3 5E-3 | 5E-3 5E-3 5E-3 5E-3
K 3 3 3 3 3 3 3 3 3 3 3 3 3 3 3 3
Starting Epoch 100 100 100 150 100 100 100 100 | 100 100 100 100 100 100 100 100
Number of Epochs | 100 100 100 50 100 100 100 100 100 100 100 100 100 100 100 100
P 6 6 3 6 3 6 6 9 60 60 60 60 96 120 96 90
Y 0.1 0.1 0.01 0.01 0.4 0.4 0.4 0.4 | 0.01 0.1 0.1 0.1 | 0.01 0.1 0.1 0.1
Table 9: The hyper-parameters for GCNII with the pseudo-labeling algorithm
Dataset ‘ Cora ‘ Citeseer ‘ Pubmed ‘ CoraFull
L/C | 3 5 0 2 | 3 5 10 2 | 3 5 10 2 | 3 5 10 20
Hidden Num 64 64 64 64 256 256 256 256 256 256 256 256 256 256 256 256
No. of layers 64 64 64 64 32 32 32 32 16 16 16 16 32 32 32 32
Learning Rate 1E-2 1E-2 1E-2 1E-2 | 1E-2 1E-2 1E-2 1E-2 | 1E-2 1E-2 1E-2 1E-2 | 5E-2 5E-2 5E-2 5E-2
Weight Decay1 1E-2 1E-2 1E-2 1E-2 | 1E-2 1E-2 1E-2 1E-2 | 1E-2 1E-2 1E-2 1E-2 | 5E-2 5E-2 5E-2 5E-2
Weight Decay2 5E-4 5E-4 5E-4 5E-4|5E-4 5E-4 5E-4 5E-4|5E-4 5E-4 5E-4 5E-4|5E-4 5E-4 5E-4 5E-4
K 5 4 3 3 2 4 3 3 3 3 2 4 3 3 3 3
Starting Epoch 400 400 400 400 400 400 400 400 400 400 400 400 400 400 400 400
Number of Epochs | 100 100 100 100 100 100 100 100 100 100 100 100 100 100 100 100
P 111 178 105 63 111 96 96 54 675 720 708 328 30 15 15 6
Y 0.5 0.5 0.5 0.5 0.1 0.1 0.1 0.1 0.01 0.01 0.01 0.01 0.1 0.1 0.1 0.1
Dataset AmazonCS AmazonPhoto CoauthorCS CoauthorPhy
L/C 3 5 10 20 3 5 10 20 3 5 10 20 3 5 10 20
Hidden Num 64 64 64 64 64 64 64 64 64 64 64 64 64 64 64 64
No. of layers 64 64 64 64 64 64 64 64 64 64 64 64 64 64 64 64
Learning Rate 1E-2 1E-2 1E-2 1E-2 | 1E-2 1E-2 1E-2 1E-2 | 1E-2 1E-2 1E-2 1E-2 | 1E-2 1E-2 1E-2 1E-2
Weight Decay1 1E-2 1E-2 1E-2 1E-2 | 1E-2 1E-2 1E-2 1E-2 | 1E-2 1E-2 1E-2 1E-2 | 1E-2 1E-2 1E-2 1E-2
Weight Decay?2 5E-4 5E-4 5E-4 5E-4|5E-4 5E-4 5E-4 5E-4|5E-4 5E-4 5E-4 5E-4|5E-4 5E-4 5E-4 5E-4
K 3 3 3 3 3 3 3 3 3 3 3 3 3 3 3 3
Starting Epoch 400 400 400 400 150 150 150 400 400 400 400 400 400 400 400 400
Number of Epochs | 100 100 100 100 | 350 350 350 100 | 100 100 100 100 100 100 100 100
P 6 6 6 6 3 3 3 12 60 60 60 60 120 120 90 90
Y 0.01 0.01 0.01 0.1 0.1 0.1 0.1 0.1 0.1 0.1 0.1 0.1 0.1 0.1 0.1 0.1
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Table 10: The hyper-parameters for OODGAT with the pseudo-labeling algorithm

Dataset Cora AmazonCS AmazonPhoto CoauthorCS
ID Classes [4,2,5,6] [8,1,2,7,6] [3,4,5,2,0] [5,11,10,7,14,8,12,6]
Splits [3,10,1000] [3,10,5000]  [3,10,3000] [3,10,8000]
Continuous False False False False
Weight Consistent 2 2 3 4
Weight Entropy 0.05 0.05 0.10 0.05
Weight Discrepancy 0.005 0.005 0.005 0.005
Margin 0.6 0.4 0.4 0.6
Heads 4 4 4 4
K 3 3 3 3
P 12 4 6 6
Starting Epoch 20 50 100 30
Number of Epochs 250 500 600 250
Y 0.3 0.1 0.01 0.3
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