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Abstract

Most countries provide veterans with various benefits to re-
ward their sacrifice. Unfortunately, many veterans have
failed to prove their status due to loss of military records.
Thus, some governments allow the verification of those vet-
erans through "buddy statements" obtained from the people
who can vouch for the buddy's participation in the war. How-
ever, it is still challenging for veterans to find guarantors di-
rectly. With this background, we suggest to utilizing histori-
cal war records of combined operations to increase the pool
of potential guarantors for the buddy statements. However, a
combined operation network among troops can have missing
edges and perturbations on attributes of the troop due to in-
accurate information. In this study, we learn from some rec-
orded interactions which might be incomplete and noisy, and
predict missing linkages among the troops that might have
interacted together in the war, by proposing Robust-SEAL
(learning from Subgraphs, Embeddings, and Attributes for
Link prediction). It combines two Graph Neural Network
(GNN) architectures: robust Graph Convolutional Network
which considers the uncertainty of node attributes with a
probabilistic approach, and SEAL which improves the ex-
pressive power of the GNN with a labeling trick. Our pro-
posed approach was applied to Korean War data with pertur-
bations. For experimentations, we hid some actual interac-
tions and found that Robust-SEAL restores missing interac-
tions better than other GNN-based baselines.

Introduction

In the 20th century, numerous wars broke out, including the
Korean War, and the South African Border War. Currently,
there are wars taking place in many areas. Many citizens are
compulsorily conscripted into the military and must partici-
pate in the war. Even after the war ends, veterans suffer from
aftereffects of the war such as post-traumatic stress disorder
(PTSD) and chronic fatigue syndrome (CFS). Although
there exist welfare benefits for the veterans honoring their
commitments in some countries (Casler, Fosmire, and
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Klein, 2019), it is a big hurdle for veterans to get the proof
that they are veterans. One of the reasons is that there are
many missing military records. In the past, many records
were written manually and stored physically so they could
easily have been lost. For example, some records of the U.S.
Army were lost due to fire (Stender and Walker 1974). This
kind of loss makes it difficult to prove the applicant’s par-
ticipation of the war.

Although some countries allow alternative documents
from applicants such as medical reports, prescriptions due
to the veteran’s injury or illness, photographs or letters from
the veteran’s time in the service, there are still many veter-
ans who do not have such documents. For those who could
not submit the alternative documents can have chances to be
registered if they get buddy statements from comrades in the
war. However, it is also challenging for applicants to find
comrades on their own after the war, although the applicants
remember some of them. Some comrades might have died
during the war, or after the war. While the finding can be
accelerated by government organizations who have the mil-
itary records, military records at an individual level are often
not available.

Unfortunately, however, little has been addressed to solve
such war veteran’s difficulty in proving their identification.
Most of the previous studies have dealt with aftereffects of
the war on veterans such as problems in their social life and
mental health (Ra 2017). Few studies have only mentioned
the challenges of veterans to prove their participations in the
war especially, non-regular soldiers who have insufficient
military records (Nam 2013).

We propose a framework to recommend suitable guaran-
tors for veterans who are not able to find the records or doc-
uments for proving their identification. Beyond recommen-
dations of guarantors who were affiliated in the same unit,
our framework can recommend guarantors from different
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Figure 1: Guarantor recommendation process: Guarantors are recommended within the direct neighbored units in the or-
der of the number of combined operations with the applicant’s unit. Guarantors are further recommended from the units
that have the highest probability of being linked, if there are insufficient guarantors in the direct neighbored units.

units that had participated in the same combined operation
or those indirectly connected units by solving a link predic-
tion problem as shown in Figure 1. In particular, we design
the Graph Neural Networks (GNN) based link prediction
model which has been leading this area (Zhang and Chen
2018; Cai et al. 2021). While many existing link prediction
models are vulnerable to noisy data which are common es-
pecially in the war records such as the number of deaths in
battles for each military unit, we address the issue by em-
ploying a probabilistic approach with assuming that node at-
tributes have stochastic components. Furthermore, this ap-
proach is applied to the representative link prediction model,
SEAL (learning from Subgraphs, Embeddings, and Attrib-
utes for Link prediction). This avoids suffering from limited
expressive power in most of GNN-based link predictions,
caused by non-awareness of global contexts in a graph such
as a distance between target nodes, as they could not be cap-
tured within the k-hop neighbored information where & is the
number of graph neural layers (Zhang and Chen 2018;
Zhang et al. 2021). Our framework, Robust-SEAL, is ap-
plied to the Korean War and evaluated by comparing the
recommendation performances with those of other GNN-
based baseline models.

Related Work

Veterans Affairs

There have been several efforts to solve war veterans’ diffi-
culties. Most studies have focused on what kinds of afteref-
fects the veterans in their physical, mental and social health
have experienced, along with the corresponding compensa-
tions or benefits. For example, Kang et al. (2013) empha-
sized needs for testing and treating PTSD and CFS for vet-
erans based on their finding that many of the U.S. veterans
of the Gulf War suffer from those problems. Williamson et
al. (2018) also stressed the need for further investigations on
mental health and treatment of veterans especially aged 65
and older. Furthermore, Casler, Fosmire, and Klein (2019)
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addressed the difficulties with respect to their communities,
families, in addition to mental health. Nelson et al. (2015)
focused on difficulties that veterans experience in employ-
ment due to physical and mental problems, and emphasized
the necessity of research taking into account the employ-
ment-related demands of veterans to resolve the problem.

However, despite health and wellbeing benefits or pro-
grams for veterans, registration as a veteran is a huge chal-
lenge for some of them. For example, Nam (2013) focused
on difficulties of non-regular soldiers who participated in
the Korean War in getting their registration as veteran. The
author found that most of the non-regular soldiers do not
have sufficient evidence for their participation in the war
and they suffer from various kinds of disorders. In particu-
lar, they had to sacrifice a lot, such as being deprived of ed-
ucational opportunities in their young lives (Jeong and Kim
2018). However, little is known about a systematic frame-
work to support the registration process.

Graph Neural Network-based Link prediction

A prediction of missing links or potential links to be con-
nected was proposed in 2007 and it has been actively applied
to various real-world problems (Kumar et al. 2020). While
hand-crafted feature engineering from domain knowledge
was required to obtain useful features for a link prediction
in earlier research, recent studies have shown that data-
driven features could be learned from neural networks (NN).
To be specific, GNN utilizes the structural information as
well as the node or edge attributes.

Scarselli, Gori, and Tsoi (2009) first proposed a GNN that
exploits structural information among nodes in NN. After a
few years, some researchers introduced various Graph Con-
volutional Networks which generalize the concept of a con-
volution filter for graph-structured data (Bruna et al. 2014;
Defferrard, Bresson, and Vandergheynst 2016; Kipf and
Welling 2017). Since then, many GNN architectures have
been developed (Hamilton, Ying, and Leskovec 2017;
Velickovi¢ et al. 2018; Vaswani et al. 2017; Wu et al.
2020a). Those GNN models have been actively applied to
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problems in various domains such as recommender systems,
natural language processing, and computer vision to name a
few (Wu et al., 2020b; Yuan et al. 2021).

Despite such innovations, some limitations have been re-
ported. For example, most of the GNNs are vulnerable to
nodal or structural perturbations as such perturbations affect
not only the perturbed node or link, but also direct and indi-
rect neighbors through connected links. It is still an open
question, but main approaches include to identify suspicious
nodes (Zhu et al. 2019) or links (Zhang and Zitnik 2020) and
take less weights to them, or to modify a loss function with
the worst-case loss or robust loss (Geisler et al. 2021).

Another challenge is that most of the GNNs have limited
expressive power, which means that they fail to capture
high-order features in graphs such as distance-based ones
which could be critical to a link prediction task (Xu et al.
2019; Zhang et al. 2021). For this reason, many researchers
have struggled to improve the expressive power of GNNs
(Morris et al. 2021), and higher-order GNNs which utilize
subgraphs for each node or labeling tricks for incorporating
global contexts in the graph are some of the representative
GNN methods towards the improved expressivity.

Data and Methodology

In our framework, we recommend guarantors from war rec-
ords which include information regarding military units and
their interactions via combined operations along with the
number of deaths. However, as those records are not com-
plete, we try to restore missing interaction among units via
a link prediction model. We recommend guarantors for an
applicant not only from veterans who had participated in the
same operation together following the war records, but also
from those who might have had participated in together or
even those who might have had an indirect or higher-order
interaction via direct neighbored unit beyond the war rec-
ords. We expect Government such as Ministry of Patriots
and Veterans Affairs to apply the link prediction results to
alleviate difficulty required for veterans to find guarantors
themselves. Details of data and methods in our framework
are presented in the following sections.

Data

In this paper, we introduce a case of the Korean War as an
example. We collect the war records to construct a com-
bined operation network among military units. The Korean
War was fought for about three years, from June 25, 1950 to
July 27, 1953. During this entire period, a total of 376 major
combined operations between forces were officially exe-
cuted (Cho et al. 2017), where combined operations mean
joint operations among units, such as small-scale combat
and alert operations. As most of the combined operations
were carried out in the certain period between September 16

and October 31 in 1950 (Cho et al. 2017), the war records in
this period were investigated in this study.

The details of the combined operation data were collected
through Min (2009) to construct the network for guarantor
recommendations. By analyzing operational orders and
movement paths between Army units included in the data,
we identified cases in which combined operations between
units such as shift changes and battles were executed. In par-
ticular, the movement route, base occupation, and advance-
ment of each unit were converted into daily data. Hierar-
chical unit structure and the combined operation data of the
Eastern front (capital and 3rd divisions) and the Western
front (1st, 6th, 7th, and 8th divisions) were extracted as
shown in Figure 2.

Some combined operations were conducted between dif-
ferent regiments. For example, the recapture operation of
Yongbyon was conducted in the Western Front between the
3rd unit of the 19th regiment in the 6th division, and all units
of'the 15th regiment in the 1st division, on October 24, 1950.

Next, the time period in this study was classified into four
smaller periods based on the dates when the number of sol-
diers killed per division per day changed significantly. For
instance, the full period over which the Capital division op-
erated was split at September 21, October 1, and October 11,
as displayed in Figure 2. The 7th division was organized as
a reserve division during this period, and due to infrequent
combined operations, the period was not split for this divi-
sion.

As soldiers did not necessarily participate in the war for
all the periods, there exists various clusters of soldiers even
within the same unit. For instance, some of them partici-
pated only in the first two periods while others did in the last
two periods. Thus, we introduce different nodes depending
on the periods that the soldiers participated in, and their af-
filiated unit information composed of the division, regiment,
and unit. In detail, 15 groups are defined for each unit as the
number of cases to participate in the war for four periods is
15, except for the units in the 7th division. In addition, each
division includes three regiments, and each regiment also
includes three units. Therefore, 675 (5 divisions X 3 regi-
ments X 3 units x 15 groups) nodes are created for all divi-
sions except for the 7th, for which 9 (3 regiments x 3 units)
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Figure 2: Western and Eastern Front of ROKA (Republic
of Korea Army), 1950
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nodes are created. In total, 684 unit nodes are introduced,
where each node represents a group of soldiers who co-par-
ticipated within a unit at a specific time period.

In addition, an edge indicates whether the two groups had
interactions or not where those interactions are approxi-
mated via whether the groups had the combined operation,
while its weight denotes the number of combined operations
between the groups. The number of edges in our network is
32,967, and the average weight is 2.3526. The average
weighted node degree is 98.2. However, there might be
some missing interactions which have not been recorded
considering the characteristics of war data.

Moreover, we utilize some nodal features in our analysis
such as division, regiment, and the number of deaths in the
unit during the periods, collected from the information re-
trieval system in the War Memorial of South Korea. The di-
vision and regiment information are considered as nominal
variables, while the number of deaths is reflected as a con-
tinuous variable. In particular, the number of deaths can re-
flect complexity or type (local or total war, etc.) of battles,
which provides useful information for the analysis. How-
ever, the casualty information was not available at the unit
level so we use the daily casualties at a regiment-level which
indicates that the nodal information might include some
noises. For this reason, consideration of uncertainties in the
nodal feature is important in this research. Our dataset co-
vers 191,451 deaths in this period among 588,000 casualties
of the Republic of Korea Armed Forces and 538,000 casu-
alties of the United Nation Forces in the War.

Robust-SEAL

A goal of this study is to restore the interaction network by
predicting missing or potential interactions between unit
nodes in order to recommend guarantors for applicants of
veteran's registration. While GNN-based models have made
a great success in link prediction tasks in various domains,
challenges remain in terms of the vulnerability of the models
against perturbations on the nodal attributes and limited ex-
pressive power of the GNN. With this background, we pro-
pose a robust-SEAL, a hybrid approach of the robust GCN
(Zhu et al. 2019) and the SEAL (Zhang and Chen 2018;
Zhang et al. 2021). We address uncertainty by employing a
probabilistic approach for node representations motivated
by the robust GCN, while a labeling trick from the SEAL is
applied to improve the expressive power of the GNN
through incorporations of global contexts in a graph. An
overall framework of the robust-SEAL is shown in Figure
3.

We consider a troop interaction network presented in
Data section as G = (V, X, E, A), where V is a set of the unit
nodes, and each node represents the unit during a certain pe-
riod. X is a node feature matrix including the number of cas-
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ualties, categorical variables that describe affiliated regi-
ment and division of the unit. £ indicates a set of edges
where each edge means whether a pair of nodes has interac-
tions. 4 is the weight matrix representing the number of
combined operations in an edge describing the strength of
interaction.

While this background, our model aims to predict binary
labels of a set of unlinked node pairs (v;, v;), where 1 <
i,j < N andi # j. We define each node in a node pair as a
target node, and the model obtains embedding of the target
node pair. A typical GNN-based link prediction model em-
beds each node representation of the affiliated pair, consid-
ering its neighbors within up to k£ hops via extracting its sub-
graph. Then, the pair of node representations is combined
followed by a non-linear function such as a multi-layer per-
ceptron, dot-product-based operation, and so on, to produce
the representation of the node pair.

Our method also follows a similar approach, but we uti-
lize the labeling trick (Zhang et al. 2021), which labels the
distance to the target node pair as an additional node features
before processing the graph neural layers. In detail, we de-
fine the subgraph G;; for target node pairs (v;, v;) as the net-
work by the union of i and j’s neighbors within up to & hops.
Then, we apply Double Radius Node Labeling to the nodes
in the subgraph following (Zhang and Chen 2018). For tar-
get nodes v; and v;, we assign 1, while for other nodes of
the subgraph G;;, denoted as ¢, we assign the value f;;(c)
bigger than 1, where details are presented in the following
equation. For node ¢ in subgraph G
fij(©) = 1+ min(d;, d;)

+Hd' /2@ ]/2) + (@%2) —1] (1)
, where d; = d(c, i) is distance of node ito ¢, d' = d; +
d;. The (d'//2) and (d'%2) indicate the integer quotient
and remainder of d' divided by 2, respectively. This label
injects global contexts in the graph such as distance between
target nodes to the input node features.

Then we use RGCN (Robust Graph Convolutional Net-
works) (Zhu et al. 2019) as the GNN architecture addressing
issues caused by perturbations of data such as node attrib-
utes which can lead to inaccurate prediction. The RGCN al-
lows uncertainty of the node attributes by assuming that the
node representation is not deterministic and introducing a
down-weighting module that takes less weights to the node
representations which have high variance.

In detail, we assume that a node representation follows
Gaussian distribution. Let hi(l) =N &uia ,diag (ai(l))) is the
latent representation of node v; at the layer [, where uil) is
the mean vector, diag (ai(l)) is the diagonal variance matrix.
Moreover, we adopt MW = [ugl Lo ,y(l)] , O =
[0(1), e, a,f,l)] to the matrix of means and variances of all
nodes. Then, a Gaussian graph convolution layer is defined.
In this first layer, the matrix of means and variances can be
obtained by the following equations:

ij»



The Thirty-Eighth AAAI Conference on Artificial Intelligence (AAAI-24)

Extracting eriélosing subgraphs of target node pairs
from the combined operation unit network

Adjacency matrix

Feature matrix
- Mean matrix | = prediet links
- Variance matrix
Variance-based
attention

®

Labeling trick

Variance-aware
Graph Convolutional layers

Figure 3: Framework of Robust-SEAL

M@ = p(H(O)WLEO))’Z(l) — p(H(O)Wéo)), (2)
where p(*) is a non-linear activation function and H© cor-
res(ponds to the input node features x,, (Vv € V). Moreover,
Wuo) and Wéo) indicate learnable parameter matrices. In
subsequent layers, the matrix of means and variances of the
nodes at the (/+1)-th layer are defined as:

M = o (D2AD 2 (MO © AV)WE). (3)
WD = p(DTADI(ZP © AV © AV)WE),  (4)
where D =D + Iy, A=A+ 1y, D is the diagonal weight
matrix, Iy is the identity matrix, and (O means the element-
wise product. To be specific, AY = exp(—y=®), with hy-
perparameter ¥, and this part helps the GNN model takes
less weights to the high-variance nodes, which makes the
model be robust against node perturbations. W}L and WL are
parameters to determine the means and variances in the hid-
den layer. These parameters are learned to detect highly var-
iated nodes in a data-driven way to minimize the training
loss. At the last hidden layer L, we sample a node represen-
tation for each node, and then compute the score of the target

link.

For the loss function, binary cross entropy L., is used
and regularization to the first hidden layer is also considered
like Zhu et al. (2019). The regularization terms help to en-
sure node representations follow Gaussian distributions. Fi-
nally, our loss function is defined as:

S))

L =Ly + ﬁlLregl + .BZLregz s

Lyegi = SV KL (N (u§1>, diag(ai(l))) I N(O,l)) . (6)
2 2

Lregz = W, + W52l @

, where KL(D,||D,) is the KL-divergence between the dis-
tributions D, and D,, while ; and S, are hyperparameters.

A Real-World Application

The trained Robust-SEAL model is applied to the real-world
combined operation network to do link prediction. Then,
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guarantors can be identified in the following manner from

the link prediction results of the Robust-SEAL.

+ Find guarantors from the applicant’s affiliated unit; oth-
erwise find them from the units that had co-participated
with the applicant’s unit in the order of the number of
combined operations;

If no guarantors are found, recommend guarantors from
the units that had been likely to have interactions with the
applicant’s affiliated unit with the highest probabilities from
the Robust-SEAL.

Experiments

For evaluation of the proposed Robust-SEAL to the Korean
war data, we put aside some links in the dataset for various
testing scenarios, and the other links are used for training.
Therefore, we train the model with the incomplete dataset as
we set some links aside and recommend top £ pairs of mili-
tary units with the highest probabilities from the trained
model. Then, we investigate how well the model recom-
mends the actual links between military units, especially
those with highly weighted links representing units that co-
participated many times in the testing data. Furthermore, we
also observe how the model performs in various perturba-
tion strategies on nodal attributes or network structure. The
recommendation performance of the Robust-SEAL is com-
pared with other representative GNN-based link prediction
models such as GCN (Kipfand Welling 2017), GraphSAGE
(Hamilton, Ying, and Leskovec 2017), Graph Attention Net-
works (GAT) (Velickovi¢ et al. 2018), SEAL (Zhang and
Chen 2018), GraphSAINT (Zeng et al. 2019), robust GCN
(Zhu et al. 2019), and Line Graph Link Prediction (LGLP)
(Cai et al. 2021). All data and implementation codes can be
found in https://github.com/jongin915/Robust-SEAL.
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Experimental Setup

Although our dataset is restricted to the Korean War, our
aim is to make a generalized model which can be applied for
unseen military units, for example, unofficial military units
composed of volunteer soldiers such as students, or even
other wars beyond the Korean War. Therefore, we evaluate
the model not only in a transductive setting but also in a
semi-inductive setting. In the transductive link prediction,
all nodes can be seen in all phases, training, validation and
testing. In contrast, only a certain set of nodes can be seen
in training and the model is trained by only links among the
visible nodes, and then the model is evaluated for the links
that are associated with the unseen nodes in the semi-induc-
tive setting.

In detail, we randomly divide the entire edges into the
training, validation, and testing sets by 85:5:10, which is a
popular setting for a typical transductive link prediction
(Zhang and Chen 2018). For each set, corresponding num-
ber of negative samples are also randomly selected from the
unlinked node pairs. The training set is used for model train-
ing while the validation set is utilized for selecting a best-
performing model, then the selected model is applied to the
test set.

On the other hand, the dataset is split in terms of nodes
for the semi-inductive setting following the prior literature
(Hao et al. 2020). We randomly select 10% of nodes for test-
ing and validation, respectively. The rest of nodes are used
for training. Edges between training nodes and the same
amounts of negative samples from unlinked node pairs are
used for training while edges among validation nodes, and
those between training nodes and validation nodes are uti-
lized for validation in the same way to optimize hyperpa-
rameters.

Also, we perform additional experiments, where more
perturbed situations are considered for evaluation of robust-
ness. Random perturbations on nodal attributes or network
structure are employed in training data. In detail, Gaussian
noises are added on one of nodal attributes, the number of
casualties in a unit. Otherwise, 5% or 20% of edges in the
training data are randomly selected and removed. We test
how models perform in validation dataset with either of such
noises. All experiments are conducted using NVIDIA Tesla
T4 computing nodes in the Google Colab environment.

Evaluation Metric

Our link prediction model is used to recommend units that
have the highest probabilities of linkage; thus we evaluate
the model based on the nDCG (normalized Discounted Cu-
mulative Gain) score, one of representative measures of
ranking quality (He et al. 2015). The DCG (Discounted Cu-
mulative Gain) is the evaluation measure to compare the
ranked list according to the actual relevance with that over
the top-K recommended nodes from a link prediction model.
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For example, the DCG of node i for top-K recommendation
is defined as follows:

_ VK %ijg
DCGi = Do ®)

where j, denotes the node with the k-th highest score from
the link prediction results so the a;;, means the edge weight
between the node i and the node which has the 4-th highest
score for i.

The DCG; g is normalized by its maximum DCG; g, also
called as ideal DCG; g, resulting in nDCG; x. Then, across
nodes in the testing set, average nDCGy is calculated to
compare the performances of various link prediction models.
We consider a small K from 1 to 5 in order not to lose prac-
ticality of the recommendations.

Hyperparameters

For all models in both transductive and semi-inductive
learning, we set the number of hidden units as 32, hidden
layers as 2, and batch size as 32. We train each model for
300 epochs with Adam optimizer (Kingma and Ba 2015)
and early stopping strategy is used on the validation set with
a patience of 20 epochs. Learning rate is optimized in {0.05,
0.01, 0.001, 0.0005, 0.0001}. These are common hyperpa-
rameters across our proposed model and the baselines.

In addition, the model-specific hyperparameters are opti-
mized via a grid search. For GCN, parameters are used as
the optimal value set in the original paper (Kipf and Welling
2017). For GAT, 8 attention heads with 4 features for each
head are used. For GraphSAGE, we conduct exploration for
1-hop and 2-hop sample sizes, selected in {5, 10, 15}. As
every node in our war dataset has at least 15 neighbors, we
set the sample size as less than or equal to 15. The selected
1-hop and 2-hop sample sizes are both 15. Regarding
GraphSAINT, we explore sampling methods for training
graph in {Node, Edge, Random Walk}, the number of ex-
pected edges {50, 100, 150, 200, 250, 300}, and dropout rate
{0.1, 0.2, 0.3}. For the random walk sampler, we use the
length of each walker to 2 following Zeng et al. (2020).

We experiment on both the number of hop h =1,2 for the
SEAL, LGLP and Robust-SEAL. For loss function in the
LGLP and Robust-SEAL, we set §; = B, =0.0005 follow-
ing Zhu et al. (2019).

Results

Table 1 shows the results of all models in transductive and
semi-inductive learning, respectively. The experiments
were conducted over 10 runs with different random seeds.
In particular, models employing the SEAL framework
significantly outperformed the rest of the GNN-based mod-
els at 0.05 significance level, by Welch’s #-test. It implies
that exploitation of high-order information to nodal feature
could contribute to capturing global contexts in a graph re-
sulting in more expressive features for link prediction via
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Transductive nDCG@I nDCG@w2 nDCG@3 nDCG@4 nDCG@S5
GCN 0.6062(0.0218) 0.6059(0.0231) 0.6198(0.0227) 0.6307(0.0156) 0.6542(0.0220)
GraphSAGE 0.5652(0.0197) 0.5650(0.0157) 0.5854(0.0184) 0.5984(0.0193) 0.6122(0.0251)
GAT 0.5923(0.0236) 0.6017(0.0192) 0.6238(0.0189) 0.6319(0.0173) 0.6438(0.0233)
GraphSAINT 0.5287(0.0157) 0.5814(0.0124) 0.6527(0.0119) 0.6918(0.0152) 0.7432(0.0195)
Robust GCN 0.5814(0.0221) 0.6283(0.0223) 0.6617(0.0180) 0.6792(0.0177) 0.7144(0.0152)
SEAL 0.6256(0.0224) 0.6674(0.0237) 0.7031(0.0209) 0.7336(0.0196) 0.7568(0.0188)
LGLP 0.6132(0.0125) 0.6545(0.0145) 0.6827(0.0101) 0.6915(0.0123) 0.7235(0.0152)
Robust-SEAL 0.6591(0.0174) 0.6926(0.0169) 0.7238(0.0182) 0.7578(0.0123) 0.7831(0.0117)

Semi-Inductive nDCG nDCG@2 nDCG@3 nDCG@4 nDCG@35
GCN 0.4924(0.0169) 0.4940(0.0172) 0.5810(0.0207) 0.6224(0.0151) 0.5346(0.0133)
GraphSAGE 0.5212(0.0132) 0.5217(0.0112) 0.5341(0.0183) 0.5570(0.0132) 0.5203(0.0123)
GAT 0.5635(0.0209) 0.5641(0.0221) 0.5965(0.0254) 0.6190(0.0232) 0.6021(0.0258)
GraphSAINT 0.4928(0.0274) 0.5556(0.0323) 0.6203(0.0288) 0.6826(0.0225) 0.6731(0.0301)
Robust GCN 0.5523(0.0268) 0.5901(0.0191) 0.6332(0.0212) 0.6698(0.0209) 0.6576(0.0241)
SEAL 0.6006(0.0152) 0.6211(0.0135) 0.6945(0.0208) 0.7244(0.0232) 0.6751(0.0256)
LGLP 0.5723 (0.0121) 0.5910 (0.0176) 0.6232 (0.0185) 0. 6678(0.0144) 0.6469 (0.0137)
Robust-SEAL 0.6299(0.0255) 0.6613(0.0198) 0.7342(0.0251) 0.7641(0.0237) 0.7208(0.0205)

Table 1: The mean(standard deviation) of nDCG@K from transductive and semi-inductive link prediction results.

the SEAL. Also, the SEAL framework shows its robustness
against noises on nodal attributes, or random edge removals
according to Table 2.

In addition, variance-based attention used in the Robust
GCN and Robust-SEAL shows significantly improved per-
formances in most experiments. In particular, improvement
is outstanding in robustness tests based on comparison be-
tween the GCN and Robust GCN in Table 2, showing 11-
25% of improvements, which is much higher than 9% of im-
provement in Table 1.

Conclusion

The aim of this study was to reduce the difficulties experi-
enced by veterans in the process of obtaining a buddy state
ment by increasing a pool of guarantors to be recommended
and investigated. Although combined operation unit net-
work enables the recommendations of guarantors who par-
ticipated in the same operations or belonged to the same
units, the pool is very limited due to various reasons. More

Semi- Noise on # of casualties Edge deletion
Inductive  N(0, 10%) N(0, 100?) 5% 20%
GCN 0.515(0.024)0.501(0.022)0.523(0.022)0.501(0.012)
GraphSAGE 0.526(0.015)0.532(0.018)0.524(0.014)0.514(0.015)
GAT 0.553(0.027)0.557(0.028)0.565(0.021)0.524(0.018)
GraphSAINT0.564(0.028)0.551(0.024)0.578(0.021)0.519(0.025)
Robust-GCN 0.623(0.018)0.625(0.022)0.615(0.019)0.557(0.021)
SEAL  0.662(0.021)0.649(0.023)0.673(0.022)0.607(0.028)
LGLP  0.594(0.019)0.598(0.019)0.587(0.020)0.562(0.022)

R;é’:it' 0.718(0.022)0.713(0.021)0.723(0.016)0.692(0.017)

Table 2: The mean(standard deviation) of nDCG@23 for per-
turbation experiments with regard to nodal attributes with
Gaussian noise and random edge deletion, respectively.

over, some combined operation records may have been lost.
In that case, our link prediction model can restore the miss-
ing links and also recommend links that might have had in-
direct connections help to find guarantors.

The experimental results verified higher accuracy and ef-
fectiveness of the proposed framework than various state-
of-the-art baselines in both transductive and semi-inductive
settings. The superior performances in the semi-inductive
settings imply that our model could be applied to new nodes
such as those from the war records additionally found or vet-
erans who were in irregular military units. We expect that
veterans who have devoted themselves to the nation can be
recognized for their services in a better manner using our
proposed approach.

Our study developed robust Al-based recommender sys-
tems against noisy data for social good. However, signifi-
cant challenges have been presented for deployment
(Dwivedi et al. 2021), for instance, explainability of recom-
mendations, although some of them can be alleviated by em-
ploying several modern approaches (Ying et al. 2019). An-
other example of the challenges is fairness because current
methods could be biased depending on node degrees (Liu,
Nguyen, and Fang, 2023), where the prediction on high-de-
gree nodes is usually more accurate than that on low-degree
nodes.

Although we could not apply to other war datasets due to
data availability, it would be interesting to apply our model
to various wars such as the South African Border war, the
war between the Ukraine and Russia, to name a few, in a
fully inductive setting. Another direction for further re-
search could be generation of the war network from texts,
images, and videos in an automatic way. They are left as
areas for further research.

21992



The Thirty-Eighth AAAI Conference on Artificial Intelligence (AAAI-24)

Acknowledgements

This work was supported by the National Research Founda-
tion of Korea (NRF) grant funded by the Korea government
(MSIT) (2020R1A2C2005026).

References

Bruna, J.; Zaremba, W.; Szlam, A.; and LeCun, Y. 2014. Spectral
networks and locally connected networks on graphs. In Interna-
tional Conference on Learning Representations (ICLR).

Cai, L.; Li, J.; Wang, J.; and Ji, S. 2021. Line graph neural net-
works for link prediction. IEEE Transactions on Pattern Analysis
and Machine Intelligence, 44(9): 5103-5113.

Casler, M.; Fosmire, A.; and Klein, D. 2019. Support for Veterans:
Community Reintegration, Family and Mental Health Needs
(Master’s Thesis). Utica College, ProQuest Dissertations & The-
ses Global 59.

Cho, S.; Son, K.; Park, J.; Park, D.; Lee, S.; Park, D.; Bae, A.; Lee,
G.; and Kim, H. 2017. The Korean War: Major Battles. Institute
for Military History, Seoul, Korea.

Defferrard, M.; Bresson, X.; and Vandergheynst, P. 2016. Convo-
Iutional neural networks on graphs with fast localized spectral fil-
tering. In Advances in Neural Information Processing Systems,
29.

Dwivedi, Y. K.; Hughes, L.; Ismagilova, E.; Aarts, G.; Coombs,
C.; Crick, T.; Duan, Y.; Dwivedi, R.; Edwards, J.; Eirug, A.;
Galanos, V.; Ilavarasan, V.; Janssen, M.; Jones, P.; Kar, A. K_; Ki-
zgin, H.; Kronemann, B.; Lal, B.; Lucini, B.; Medaglia, R.;
Meunier-FitzHugh, K. L.; Meunier-FitzHugh, L. C.; Misra, S.;
Mogaji, E.; Sharma, S. K.; Singh, J. B.; Raghavan, V.;P Raman,
R.; Ra-na, N. P.; Samothrakis, S.; Spencer, J.; Tamilmani, K.; Tu-
badji, A.; Walton, P.; and Williams. M. D. 2021. Artificial Intelli-
gence (Al): Multidisciplinary perspectives on emerging chal-
lenges, opportunities, and agenda for research, practice and policy.
International Journal of Information Management, 57, 101994.
Geisler, S.; Schmidt, T.; Sirin, H.; Ziigner, D.; Bojchevski, A.; and
Glinnemann, S. 2021. Robustness of graph neural networks at
scale. In Advances in Neural Information Processing Systems, 34.

Hamilton, W. L.; Ying, R.; and Leskovec, J. 2017. Inductive Rep-
resentation Learning on Large Graphs. In Advances in Neural In-
formation Processing Systems, 30.

Hao, Y.; Cao, X.; Fang, Y.; Xie, X.; and Wang, S. 2020. Inductive
Link Prediction for Nodes Having Only Attribute Information. In
International Joint Conference on Artificial Intelligence (IJCAI).

He, X.; Chen, T.; Kan, M.; and Chen, X. 2015. TriRank: Review-
aware explainable recommendation by modeling aspects. In ACM
International on Conference on Information and Knowledge
Management (CIKM).

Jeong, M.; and Kim, S. 2018. Korean War Veterans Experience of
War and Meaning in Life. Journal of Critical Social Policy, 58,
243-278.

Kang, H.; Natelson, B.; Mahan, C.; Lee, K.; and Murphy, F. 2013.
Post-Traumatic Stress Disorder and Chronic Fatigue Syndrome-
like Illness among Gulf War Veterans: A Population-based Survey
of 30,000 Veterans. American Journal of Epidemiology 157(2):
141-148.

21993

Kingma, D. P.; and Ba, J. 2015. Adam: A Method for Stochastic
Optimization. In International Conference on Learning Represen-
tations (ICLR).

Kipf, T. N.; and Welling, M. 2017. Semi-supervised classifica-
tion with graph convolutional networks. In International Confer-
ence on Learning Representations (ICLR).

Kumar, A.; Singh, S. S.; Singh, K.; and Biswas, B. 2020. Link pre-
diction techniques, applications, and performance: A survey.

Physical A: Statistical Mechanics and its Applications, 553,
124289.

Liu, Z.; Nguyen, T. K.; and Fang, Y. 2023. On Generalized Degree
Fairness in Graph Neural Networks. In A4A41.

Min, H. 2009. Korean War History: Battle of Inchon and Counter-
attack. Institute for Military History, Seoul, Korea.

Morris, C.; Lipman, Y.; Maron, H.; Rieck, B.; Kriege, N. M.;
Grohe, M.; Fey, M.; and Borgwardt, K. 2021. Weisfeiler and leman
go machine learning: The story so far. arXiv:2112.09992.

Nam, K. 2013. The Necessity and It’s Meaning of Compensation
for Irregulars Contributor in the Korean War. Korean Association
of Unification Strategy Unification Strategy 13(3): 9-32.

Nelson, C. B.; Abraham, K. M.; Miller, E. M.; Kees, M. R.; Wal-
ters, H. M.; Valenstein, M.; and Zivin, K. 2015. Veteran Mental
Health and Employment: The Nexus and Beyond. War and Fam-
ily Life: 239-260.

Ra, M. 2017. Korean Veterans' Policy through the Case of the Ko-
rean War Veterans. Journal of Patriots and Veterans Affairs in the
Republic of Korea, 16(4): 37-62.

Scarselli, F.; Gori, M.; Tsoi, A. C.; Hagenbuchner, M.; and Mon-
fardini, B. 2009. The Graph Neural Network Model. [EEE Trans-
actions on Neural Networks, 20(1): 61-80.

Stender, W. W.; and Walker, E. 1974. The National Personnel Rec-
ords Center (NPRC) Fire: A Study in Disaster. The American Ar-
chivist, 37(4): 521-549.

Vaswani, A. Shazeer, N.; Parmar, N.; Uszkoreit, J.; Jones, L.;
Gomez, A. N.; Kaiser, L.; and Polosukhin, 1. 2017. Attention is all

you need. In Advances in Neural Information Processing Systems,
30.

Velickovié, P.; Cucurull, G.; Casanova, A.; Romero, A.; Lio, P.;
and Bengio, Y. 2018. Graph Attention Networks. In International
Conference on Learning Representations (ICLR).

Williamson, V.; Stevelink, S.; Greenberg, K.; and Greenberg, N.
2018. Prevalence of Mental Health Disorders in Elderly U.S. Mil-
itary Veterans: A Meta-Analysis and Systematic Review. The
American Journal of Geriatric Psychiatry 26(5): 534-545.

Wu, Z.; Pan, S.; Chen, F.; Long, G.; Zhang, C.; and Yu, P. S.
2020a. A comprehensive survey on graph neural networks. /EEE
Transactions on Neural Networks and Learning Systems, 32(1): 4—
24.

Wu, S.; Sun, F.; Zhang, W.; Xie, X.; and Cui, B. 2020b. Graph
neural networks in recommender systems: a survey. ACM Compu-
ting Surveys (CSUR), 55(5): 1-37.

Xu, K.; Hu, W.; Leskovec, J.; and Jegelka, S. 2019. How Powerful
are Graph Neural Networks. In International Conference on
Learning Representations (ICLR).

Ying, R.; Bourgeois, D.; You, J.; Zitnik, M.; and Leskovec, J.
2019. GnnExplainer: Generating explanations for graph neural net-
works. In Advances in Neural Information Processing Systems, 32.



The Thirty-Eighth AAAI Conference on Artificial Intelligence (AAAI-24)

Yuan, H.; Zheng, J.; Ye, Q.; Qian, Y.; Zhang, Y. 2021. Improving
fake news detection with domain-adversarial and graph-attention
neural network. Decision Support Systems, 151, 113633.

Zeng, H.; Zhou, H.; Srivastava, A.; Kannan, R.; and Prasanna, V.
2020. GraphSAINT: Graph Sampling Based Inductive Learning
Method. In International Conference on Learning Representations
(ICLR).

Zhang, M.; and Chen, Y. 2018. Link prediction based on graph
neural networks. In Advances in Neural Information Processing
Systems, 31.

Zhang, M.; Li, P.; Xia, Y.; Wang, K.; and Jin, L. 2021. Labeling
trick: A theory of using graph neural networks for multi-node rep-
resentation learning. In Advances in Neural Information Pro-
cessing Systems, 34.

Zhang, X.; and Zitnik, M. 2020. Gnnguard: Defending graph neu-
ral networks against adversarial attacks. In Advances in Neural In-
formation Processing Systems, 33.

Zhu, D.; Zhang, Z.; Cui, P.; and Zhu, W. 2019. Robust Graph Con-
volutional Networks Against Adversarial Attacks. In Proceedings
of the 25th ACM SIGKDD International Conference on Knowledge
Discovery & Data Mining (KDD): 1399-1407.

21994



