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Abstract—Most existing Graph Neural Networks (GNNs) are
proposed without considering the selection bias in data, i.e., the
inconsistent distribution between the training set with test set.
In reality, the test data is not even available during the training
process, making selection bias agnostic. Training GNNs with
biased selected nodes leads to significant parameter estimation
bias and greatly impacts the generalization ability on test nodes.
In this paper, we first present an experimental investigation,
which clearly shows that the selection bias drastically hinders
the generalization ability of GNNs, and theoretically prove that
the selection bias will cause the biased estimation on GNN
parameters. Then to remove the bias in GNN estimation, we
propose a novel Debiased Graph Neural Networks (DGNN)
with a differentiated decorrelation regularizer. The differentiated
decorrelation regularizer estimates a sample weight for each
labeled node such that the spurious correlation of learned
embeddings could be eliminated. We analyze the regularizer in
causal view and it motivates us to differentiate the weights of the
variables based on their contribution on the confounding bias.
Then, these sample weights are used for reweighting GNNs to
eliminate the estimation bias, thus help to improve the stability of
prediction on unknown test nodes. Comprehensive experiments
are conducted on several challenging graph datasets with two
kinds of label selection biases. The results well verify that our
proposed model outperforms the state-of-the-art methods and
DGNN is a flexible framework to enhance existing GNNs.

Index Terms—Graph Neural Networks, Casual Inference, Se-
lection Bias.

I. INTRODUCTION

Raph Neural Networks (GNNs) are powerful deep learn-
ing algorithms on graphs with various applications [1],
[2], [3]], [4]. Existing GNNs mainly learn a node embedding
through aggregating the features from its neighbors, and such
message-passing framework is supervised by the node label in
an end-to-end manner. During this training procedure, GNNs
will effectively learn the correlation between the structure
patterns and node features with the node labels, so that GNNs
are capable of learning the embeddings of new nodes and
inferring their labels.
One basic requirement of GNNs making precise predictions
on unseen test nodes is that the distribution of labeled training
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nodes and test nodes is the same, i.e., the structure and feature
of labeled training and test nodes follow the similar pattern,
so that the learned correlation between the current graph and
labels can be well generalized to the new nodes. However,
in reality, there are two inevitable issues. (1) Because it is
difficult to control the graph collection in an unbiased manner,
the relationship between the collected real-world graph and
the labeled nodes is inevitably biased. Training on such a
graph will cause biased correlation with node labels. Taking a
scientist collaboration network as an example, if most scientists
with “machine learning” (ML) label collaborate with those
with “computer vision” (CV) label, existing GNNs may learn
spurious correlation, i.e., scientists who cooperate with CV
scientists are ML scientists. If a new ML scientist only connects
with ML scientists or the scientists in other areas, it will be
probably misclassified. (2) The test nodes in the real scenario
are usually not available in the training phase, implying that the
distribution of new nodes is agnostic. Once the distribution is
inconsistent with that in the training nodes, the performance of
all the current GNNs will be hindered. Even transfer learning
is able to solve the distribution shift problem, however, it still
needs the prior of test distribution, which actually cannot be
obtained beforehand. Therefore, the agnostic label selection
bias greatly affects the generalization ability of GNNs on
unknown test data.

In order to observe selection bias in real graph data, we
conduct an experimental investigation to validate the effect of
selection bias on GNNs (see Section [[I-A). We select training
nodes with different biased degrees for each dataset, making
the distribution of training nodes and test nodes inconsistent.
The results clearly show that selection bias drastically hinders
the performance of GNNs on unseen test nodes. Moreover,
with heavier bias, the performance drops more. Further, we
theoretically analyze how the data selection bias results in the
estimation bias in GNN parameters (see Section [[I-B). Based
on the stable learning technique [5], we can assume that the
learned embeddings consist of two parts: stable variables and
unstable variables. The data selection bias will cause spurious
correlation between these two kinds of variables. Thereby
we prove that with the inevitable model misspecification, the
spurious correlation will further cause the parameter estimation
bias. Once the weakness of the current GNNs with selection
bias is identified, one natural question is “how to remove the
estimation bias in GNNs?”

In this paper, we propose a novel Debiased Graph Neural
Network (DGNN) framework for stable graph learning by
jointly optimizing a differentiated decorrelation regularizer
and a weighted GNN model. Specifically, the differentiated



decorrelation regularizer is able to learn a set of sample weights
under differentiated variable weights, so that the spurious
correlation between stable and unstable variables would be
greatly eliminated. Based on the causal view analysis of
the decorrelation regularizer, we theoretically prove that the
weights of variables can be differentiated by the regression
coefficients. Compared with existing decorrelation methods [3]],
[6], the proposed regularizer is able to remove the spurious
correlation while maintaining a higher effective sample size and
requiring less prior knowledge. Moreover, to better combine
the decorrelation regularizer with existing GNN architecture,
the theoretical result shows that adding the regularizer to the
embeddings learned by the penultimate layer could be both
theoretically sound and flexible. Then the sample weights
learned by the decorrelation regularizer are used to reweight the
GNN loss so that the parameter estimation could be unbiased.

In summary, the contributions of this paper are three-fold:
i) We investigate a new problem of learning GNNs with
agnostic label selection bias. The problem setting is general and
practical for real applications. ii) We bring the idea of variable
decorrelation into GNNs to relieve bias influence on model
learning and propose a general framework DGNN that could
be adopted to various GNNS. iii) We conduct experiments on
real-world graph benchmarks with two kinds of agnostic label
selection biases, and the experimental results demonstrate the
effectiveness and flexibility of our model.

II. EFFECT OF LABEL SELECTION BIAS ON GNNS

In this section, we first summarize the main notations used
in this paper in Table |I| and then formulate our target problem:

Problem 1 (Semi-supervised Learning on Graph with
Agnostic Label Selection Bias). Given a training graph

rAtrain; Xtrain; YtrainX where Agrain * R
T RN D

Gtraln
(N nodes) represents the adjacency matrix, Xirain

(D features) refers to the node feature vectors and Y train
R" © (n labeled nodes, C classes) refers to the available
labels for training (n 8 N), the task is to learn a GNN ¢

with parameter to precisely predict the label of nodes on
test graph Giest  TMAtest; Xtest; Y testXs Where distribution

Gtrain ]

Gtest .

A. Experimental Investigation

We conduct an experimental investigation to examine
whether the existing GNNs are sensitive to the distribution shifts
caused by the label selection bias. One motivating example
is that due to the research interests of the researcher that
they are more likely to label the interdisciplinary documents
that cite more papers from different subjects in a citation
network, while testing may be conducted on nodes with any
neighborhood distribution. Based on this example, the main idea
of the experimental investigation is that we will perform two
representative GNNs: GCN [2]] and GAT [3]] on three widely
used graph datasets: Cora, Citeseer, Pubmed [1] with different
bias degrees. If the performance drops sharply comparing with
the scenarios without selection bias, this will demonstrate that
GNNs cannot generalize well in selection bias settings.

TABLE I: Glossary of Notations.

Notation | Description
Gtrain | Training graph
Gtest | Test graph
Avtrain-test | The adjacency matrix of Girain Or Grest
XKtrain'test | The node feature vectors of Girain Or Gtest
Ytrain-test | The node label vectors of Girain Or Grest
H/S XA ¢ Node embeddings matrix learned by GNNs
S | The stable variables in H
V | The unstable variables in H
S | The latent stable variables to generate Y
V | The unstable variables to generate label Y
~s | The linear coefficients for S
v The linear coefficients for V'

g The non-linear transformation for stable variables S
The linear coefficients for S

The linear coefficients for VV

Treatment variable

Confounders

Sample weights

Variable weights in DVD term

The linear coefficients for confounders X

The linear coefficient for treatment T

The potential outcome of sample i with treatment t

S X4H< o

Yi t

To simulate the agnostic selection bias scenario, we first
follow the inductive setting in [8] that masks the validation
and test nodes as the training graph Gyrajn, in the training
phase, and then infer the labels of validation and test nodes
with whole graph Gegt. In this way, the distribution of test
node can be considered agnostic. Following [9], we design
a biased label selection method on training graph Ggrajn.
The selection variable e is introduced to control whether the
node will be selected as labeled nodes, where € 1 means
selected and 0 otherwise. For node i, we calculate its neighbor
distribution ratio: r;  Jrjfj " Ni; Yj 3 ViXT"IN;9, where N;
is neighborhood of node i in Gyrain and yj J Yi means the label
of central node i is not the same as the label of its neighborhood
node j. And r; measures the difference between the label of
central node i with the labels of its neighborhood. Then we
average all the nodes’ r to get a threshold t. For each node, the

ri’t
1 r$t’
where 0:5;1 is used to control the degree of selection
bias and a larger means a heavier bias. We set as {0.7,
0.8, 0.9} to get three bias degrees for each dataset, termed as
Light, Medium, Heavy, respectively. We select 20 nodes for
each class for training and the validation and test nodes are
the same as [10]]. Furthermore, we take the unbiased datasets
as baselines, where the labeled nodes are selected randomly.

Figure [I] is the results of GCN, GAT and our proposed
method, GCN/GAT-DVD, on these datasets with four bias
degrees. We can find that: i) Compared with the unbiased
scenario, when performing GCN/GAT on biased datasets,
they suffer from serious performance decrease, indicating that
selection bias greatly affects the GNNs’ performance. ii) All
lines decrease monotonically with the increase of bias degree,
demonstrating that heavier biases will cause larger performance
reduction. iii) GCN/GAT-DVD outperforms the corresponding
base models (i.e., GCN/GAT) consistently and achieves larger
improvements in heavier bias degree scenarios, indicating that
our proposed method could relieve the effect of selection bias.

probability to be selected is: P e; 1fr; Vv



(a) Cora (b) Citeseer (c) Pubmed

Fig. 1: Effect of selection bias on GCN and GAT.

B. Theoretical Analysis For a classical GNN model with a linear regression predictor,

its prediction function can be formulated as:
The above experiment empirically veri es the effect of

selection bias on GNNs. Here we theoretically analyze the ¢ EXA- A
effect of selection bias on estimating the parameters in GNNSs. 9SS
First, because biased labeled nodes have biased neighbor-

hood structure and features, GNNs will encode this biasatiere G X;A; ; " R" P denotes the node embeddings
information into the node embeddings, which is validate¢arned by a GNN, such as GCN and GAT, the output
by the experimental investigation. Based on stable learniugriables of G X;A; g can be decomposed as stable
techniquel[5], we make the following assumption: variables G X:A; gs R™ ™ and unstable variables

A - " N q .
Assumption 1. The node embeddings learned by GNNs f(g ﬁwé\q \)’ Cg{mpar((erg Wi(t:lh Erg[(]:((ir)r,evsvzog::]ngn:j(sthzrﬂhe

each node can be decomposedks rS;Vx, whereS ; . .
. parameters of GNN model could be unbiasedly estimated if
represents the stable variables aNd represents the unstable : ) .
the nonlinear terng S O (i.e., there does not exist any non-

\éazl(a%es.jseu \c;ally,Efo\r(t')[gth téamlng and test enwronmentﬁhear relationship in the label generation process that cannot
' ‘ be learned by GNNs), because the GNN model in Eq. (2) will

Under Assumptiofi]1, the distribution shift between trainingave the same label generation mechanism as Eq. (1). However,

set and test set is mainly induced by the variation in tf8 common used GNNs only have several layers which may
joint distribution over 8§, V), i.e., P Syain :Vuan j lIMit their nonlinear power and the real-world graph data is

P Stest ; Viest . However, there is an invariant relationshigar more complicated, it is reasonable to assume that there is

between stable variableS and outcomeY in both train- @ nonlinear termg S j 0 that cannot be tted by the GNNs.
ing and test environments, which can be expressed d8der this assumption, next, we taking a vanilla GG\ 4ds
P Y tain Btrain P Y test Brest - Assumption[]l can be an example to illustrate how the distribution shift will induce
guaranteed byY 4V S. Thus, one can solve the stabldarameter estimation bias. A two-layer GCN can be formulated
prediction problem by developing a functign based ors. asA Axw ° W ', whereA is the normalized adjacency
However, one can hardly identify such variables in GNNs. matrix, W is the transformation matrix at each layer and is
Without loss of generality, we tak¥ as a continuous the Relu activation function. We decompose GCN as two parts:
’ . . . 0 .
variable for analysis and have the following assumption: = One is embedding learning pat AXw ° |, which can
_ _ ~ be decomposed as$' ;V '~ , corresponding t@ X;A; gs
Assumption 2. The true generation process of target variable,q & X;A; 4 v in Eq. (2), and the other part i/ T

Y contains not only the linear combination of stable variablegere the learned parameters can be decomposedsasy,

S, but also the nonlinear transformation of stable Variablescorresponding to /\S; /\V in Eq. (2). We aim at minimizing

{jag least-square loss:

CX:A;gv'v % (@

Based on the above assumptions, we formalize the lal
generation process as follows:
n
T T
L = S ~ V. = Y.
Y fX;A " SS VV gS . (1) GCN O i S (Y i

2,

®)

whereS andV are latent stable variables and unstable variablesAccording to the derivation rule of partitioned regression
to generate labeY , which can be learned by GNNs frommodel [5], [11], withS S andV V, we have:
raw graph data, s and  are the corresponding linear

=}

coef cients and they represent the effect of each latent variable 1" . 11 T

on outcomeY , " is the independent random noise, and voov  {= ViV a= VigsS

is the nonlinear transformation function of stable variables. inl inl (4)
i i i 1 1

According to Assumptiori|1, we know that coef cients of == V.TV| 1 == VlTS| s s

unstable variable¥ are actuallyO (i.e., v 0).



show how to differentiate each variable pair. Confounding

1" 5 11" balancing techniques are often used for causal effect estimation
s s p=SS " [=S9S of treatmentT, where the distributions of confoundexs are
i1 i1 (5) different between treated’( 1) and control T  0) groups

1" sTg 1! 1" STy, - because of non-random treatment assignment. One could bal-

[ ance the distribution of confounders between treatment and con-

. . . trol groups to unbiasedly estimate causal treatment effé§s [
vi/herr]e n T'S labeled ”096 sizeS; is "”} S"’,}mpli ofS, [14], [15]. Most balancing approaches exploit moments to
n S 1 VigsS EV'g _S % 1, n < i_lvi S_i ~ characterize distributions, and balance them by adjusting sample
EV'S 0,1 ando, 1 is the error which is negligible. yweightsw as follows:.w  arg n\}/in it 1 Xi <it oW

Ideally, ~y v Oindicates that there is no bias betwee ) .
the estimated and the real parameter. Howeve, ¥Ts i 0 Qiﬂﬁ. After bglancmg, the treatmenrit and the confounders
X tend to be independent.

T K R N R . .
:)Or tEheVbigsSe | é st? mlgﬁlég. 0(;fs) v Evall.ll(t;)e ;Sla\?vee?l,, Ii‘.e:d;';g GTiven one targetedTvariabje iti decorrelation term. v,
true effect of learned embeddings on labélcan not be TH; wH. ;@ H; v;/©1 H. JW@ﬂﬁ’ is to makeH ;
estimated precisely. Since the correlation betwéeandS (or independent fronH. ; °, which is same as the confounding

g S ) ! might shift in test phase, the biased parameters learn@dancing term making treatment and confounders independent.
in training set is not the optimal parameters for predictinghereby.Lyp; can also be viewed as a confounding balancing
testing nodes. Therefore, to increase the stability of predictidgfm, whereH; is treatment andH. ; is confounders,

we need to unbiasedly estimate the parametersiofpy illustrated in Fig. 2(a). Hence, our target can be explained as
removing the correlation betweevi and S (or g S ) on unbiased estimation of causal effect of each variable which is

training graph, makingg V'S OandEV'g$S 0. invariant across training and test set. As different variable may

Note that: <! | S/ g S, in Eqg. (5) can also cause estimatiorfontribute unequally to the confounding bias, it is necessary
bias, but the relation betwee® andg S is stable across o differentiate the confounders. The target of differentiating
environments, which do not affect the stability to some extef@nfounders exactly matches our target that removing the

correlation of variables that has the largest impact on the

I1l. PROPOSEDM ODEL unbiased estimation.

A. Reuvisiting on Variable Decorrelation in Causal View
B. Differetiated Variable Decorrelation

To decorrelate/ andS (or g S ), we should decorrelate

the output variables o X;A: o - [5] proposes a Variable Considering a continuous treatment, the causal effect of treat-
Decorrelation (VD) term with sample reweighting techniqu&ent can be measured by Marginal Tregt$n$nt EEge?t Ftunction
to eliminate the correlation between each variable pair, (WTEF) [16], and de ned asMTEF ' =

which the sample weights are learned by jointly minimizing/hereY; t represents the potential outcome of sanipieith

the moment discrepancy between each variable pair: treatment statu3 t, and t denotes the increasing level
p of treatment. With the sample weighits decorrelating the
Lyp H = ﬂHI wH. j@n HIW@ H;T,-w©1ﬂﬁ; treatment and the confounders, we can estimate the MTEF by:
i1
n p , © i W T <y W YT
whereH " R™ " means the variables needed to be decorrelatggy e : nj I .
e, X:A: g Of GNNs,H ; is j-th variable ofH, H. ; t %)

H H; means all the remaining vnar|f\l?les by setting the valygheren, and n; are the number of samples for two groups,
of j -th variable inH as zerow " R" * is the sample weights, respectively. Next, we theoretically analyze how to differentiate

n : .. . .
<ijiWwi nand , diagw;; ;w, isthe corresponding confounders' weights with the following theorem.
diagonal matrix. As we can seeyp H can be reformulated _ _ _
as< |y ﬂﬂ} wH @ HIW@ HjwenT§, and itaims to Theorem 1. In observational studies, different confounders

make unequal confounding bias on Marginal Treatment Effect

letE HIH " EH! EH  for each variable paiy and _ . . : :
] : ] :
k.Lyp H decorrelates all the variable pairs equally. Howev{gfmc“on (MTEF) with their own weights, and the weights can

decorrelating all the variables requires suf cient samphgs [ € learned via regressing outconveon confounderX and
i.,e,n ™ which is hard to be satis ed, especially in thdreatment variabler .
semi-supervised setting. In this scenario, we cannot guaranigeof. Recalling the Assumption 1, we rewrite the label
Lyp H 0. Therefore, the key challenge is the dif cultiesgeneration process Eqg. (1) under MTEF setting as:
of removing the spurious correlation that has the largest impact
on the unbiased estimation whégp H j O.

Inspired by confounding balancing technique in observational
studies 12], we revisit the VD regularizer in causal view and

Yt =  Xg t S 1 8
K

2Nonlinear relationships between variables can be incorporated by

"We assume all variables are centered with zero mean. This assumpgonsidering high-order momentsz in Eq. (6),3 for example, a polynomial
could be satis ed by adding a normalization layer after the learned embeddingsgmented functiof H HH®H H  HY H Hy Hos



Fig. 2: (a) Diagram of decorrelating node embeddings with confounding balgnhée.! is the node embedding matrix
to be decorrelatedr is the treatment variable, corresponding to one target variabie n ! . X means the confounders,
corresponding to the remaining variables of the target variablé fh .Y is the outcome, corresponding to labels. (b) The
framework of GNN-DVD. The same color in the two gures represents the same kind of variable.

where . are the linear coefcients, angr « S IS |ate the term< , | - SiT WX RrSim o Wi X
the output of nonlinear transformation of the stable vanales ST WG ST < Wik S,
when treatmenT is t. Note that ifT S'S, changmg the value — : , Where the second
of T will not change the value afy S, T" S otherwise.  term has the unknown tergr S; so that we can only try
i i ; . n|<|T‘ WXk GRSy Wi X
Under above formulation, we write estimator T EF as: to reduce the rst term. —

means the difference of theth confounder between treated and

and

1 v T 1 v T control samples. The parametgr represents the confounding
MT EF oy ST Wit n Tt e Wi Yyl bias weight of thek-th confounder, and it is the coef cient of
t X .. Moreover, because our target is to learn the weight of
n# <im Wi <y kXik o gre S each variable pair, i.e., between treatment and each confounder,
: t we also need to learn the weightof treatmentT. Hence,
1. Wi <, WXi t t g S according to Eqg. (8), the confounder weights and treatment
n 1Tt vl Tk K : weight can be learned by regressing observed outcénom
t confoundersX and treatment . O
i.<iT»tWit i.<jT-t (Wt t ; P
ni ! N ! Due to the connection between treatment effect estimation
1 t 1 with variable decorrelation as analyzed in Sectit+A , we
i Wi < kX ASiT e WSk kX ik utilize Theorem 1 to reweight the variable weight in variable
t decorrelation term. When apply the Theorem 1 to GNNSs, the
1< wWia S 1< Wi S confoundersX should beH. ; and treatmentT is H ., where
i tWiG Si n, CiT ot ot i% ot S . . ! . !
n the embeddingl is learned byG X ; A ; g INEQ. (2). And the
MTEF variable weights is equal to the regression coef cients fbir,
L i.e, " in Eq. (2). Then the Differentiated Variable Decorrelation
SiToth Wi X i <iTot ot WiXik (DVD) term can be formulated as follows:
I
kj t t minLDVD H :jpl T absHI WH;j@
w
1 1
AT WG S S Wil S _ Hlwen HT wen 2
t ' n 1 n
9 1= 2 = . 2.
ni'<iT't\Nlt nL'<JT t !WI t t () n ilWI 2 n ilWI 1 '
where = ' ! ’ is the ground truth s:tw WO
of MTEF, " means the noise term, and " (10)

0 with Gaussian noise. According to the last equahereabs means the element-wise absolute value operation,
tion, to reduce the bias ofMTEF, we need regu- preventing positive and negative values from eliminating. Term



-+< ,” 1 Wi2 is added to reduce the variance of sample weighggtionA , e.g., average, attention or sum, the variables of trans-
to achieve stability, and the formula %< I” w1 2 avoids formed embedding¥ would be also uncorrelated. Therefore,
all the sample weights to be 0. The temmWO constrains each decorrelating Axw © can also reduce the estimation bias.
sample weight to be non-negative. After variable reweightingor aK layers of GNN, we can directly decorrelate the output
the wei2gh§ed dTecorreIation term in Eq. (1T0) can be rewritten a6 K 1 -th layer, ie., A Axw ©  w X 2 for
<ijk i €TH] yHy@ Hjwen HiwanT§, and the aK layers of GCN. _ _

weight for variable paij andk would be J2 E hence it The previous _anaIyS|s nds a exible way to incorporate
considers both the weights of treatment and confounder. TRéR/DVD term with GNNs, however, recall that we analyze

we derive the uniqueness propertywfas follows: GNNs based on the least-squares loss in Eq. (3), and most ex-
_ ) ) isting GNNs are designed for the classi cation task. Therefore,
Theorem 2 (Uniqueness) If in 9 p 2, P° 9 in the following, we analyze that the previous conclusions are

max 1; 2, Hij T& cand 1 & c for some constant stjj| applicable in classi cation. We consider the cases that the

¢, the solution® * rw  fw;f& cx to minimize Eq. (10) is softmax layer is used as the output layer of GNNs and loss is

unique. the cross-entropy error function. We use the Newton-Raphson

Proof. See Appendix A. ] update rule17] to bridge the gap between linear regression and
multi-classi cation. According to the Newton-Raphson update
rule, the update formula for transformation matvik K1 of

C. Debiased GNN Framework the last layer of GCN can be derived:

In this section, we describe the framework of Debiased new old T 1,7 old
GNN (DGNN) that incorporates VD/DVD term with GNNS% i W H'RH “H™ HW \E
in a seamless way. As analyzed in SectibB, decorrelating H'RH *rHTRHW :J-°'d H' HW :J-O'd Y X
A Axw ° could make parameter estimation of GCN HTRH 'HTRz:
gnbiaseq. However, most GNNs follow a Ifayer-by—layer stack.— ' (11)
ing architecture, gnq the output .embetddlng of eacoh "'?‘yerv\'/ﬁereRkj < 21 HaW :fld Iy HaW :jold is a weigh-
more easy to obtain in implementing. Sm&e. Axw "> ing matrix andl,; is the element of the identity matrix, and
the aggregation of the rst layer embedding AXW C 2 HW 'jold R ! Y; W, H isaneffective target value

decorrelatingA  AXw may lack the exibility that ¢ - 11)"akes the form of a set obrmal equationgor a

incorporates VD/DVD term with other GNN architecture%veighted least-squares problem. As the weighing marix
Fortunately, we have the following theorem to identify a more ' old

exible way to combine variable decorrelation with GNNs. IS not constant but depends on the parameter véNt(_?r .
we must apply the normal equations iteratively. Each iteration

Theorem 3. Given p pairwise uncorrelated variableZ uses the last iteration weight vectaV :jO'd to calculate a
Z1,Z,, ,Z, , with a linear aggregation operatoh, the revised weighing matribR and regresses the target value
variables ofY  AZ are still pairwise uncorrelated. with HW """ Therefore, the variable decorrelation can also
Proof. Let 7 rZ1;Z5; :Zpx be p pairwise uncorre- be app'hed'to the QNNS W|Fh sqftmax classier to recjuce
lated variables.¥:Z.-Z. " 7 z.1:72. 7"  and the estimation bias in each iteration. Note that according to
1 o ol s eE e update formula Eqg. (11), we should calculate the inverse matrix
Zi";Zy; ;Z; aren simple random sampledrawn HTRH ! in each iteration, which requires high computation.
from Z; andZ; respectively, and have same distribution witliy practice, we use gradient descent methods to approximate
Z; and Z;. Given a linear aggregation mkatrl& 3j » Newton-Raphson update rule and it works well in experiments.
Ys;v" 1,2, :n, IetYiS <E 18 Z; and Y]-V Fig. 2(b) is the framework of GNN-DVD, where we
. . . K 1 .
<, av,zj' , and we have following derivation: input the labeled né)dles embedding3 into the
. . regularizer Lpyp H . As GCN has the formula
K 1 K 1 . . K 1
CovY*iY,' Cov= ayz'i= ayz, softmaxAH * * w , the variable weights off
K 1 |1 used for differentiating.pyp H can be computed from
n n
= = agay Cov Zik ;ZJ-I varw Kt ;axis 1 (12)
knllnl whereVar ;axis 1 refers to calculating the variance of
= = axau j; each row of some matrix and it re ects each variable's weight
kK 11 1 for classi cation which is similar to the regression coef cients.
where | 0 wheni j j, otherwise ; 1. There- Note that when incorporating yD term with GNNs, we dp not
, heni i i h Covy Sy 0 and need compute the variable weights. Then the sample weights
Core,Yw-snl J (J) I\évi gvﬁ tﬁv i | i ¢ a::' | learned by DVD term have the ability to remove the correlation
oV Yis Y - Extende € conciusion 10 MuMtipi€;, \y K 1 Inspired by sample weighting methodk3], we

variable,Y Y1iY2r ;Yo arepairwise uncorrelated.] propose to use this sample weights to reweight softmax loss:

mnLs = w IngH" Y ; (13)
1"y,

The theorem indicates that if the variables of embeddihgs
are uncorrelated, after any form of linear neighborhood aggre-



whereq s the softmax functiony is the set of labeled node and learning attention values, respectively. This modi cation
indices and is the set of parameters of GCN. After reweightingloes not change the performance of GAT in experiments.
nodes by these weights, we can create a pseudo-population

where the biases in node neighborhood are effectively reduced,Complexity Analysis

with which the off-the-shelf GNN models can achieve more Compared with base models (e.g., GCN and GAT), the main
accurate pred|ctlon gnde_r agnostic environments. The Wh%%remental time cost is the complexity from VD/DVD term.
algorithm is summarized in Algorithm 1. For a training graph witm labeled nodes, we analyze the
time complexity of the VD/DVD term in each iteration. For

Algorithm 1: GNN-DVD Algorithm calculating the VD loss, its complexity ® np® , wherep is
Input . Training graphGyain rA;X;Yx, and the dimension of embeddings. And for DVD loss, its complexity
indices of labeled node¥_; Max is the same as VD, as the complexity of calculating variable
iterationmaxl|ter weights is O np , which is relatively small comparing with
Output : GNN parameter and sample weighte/ O np2 . For updatingw, the complexity is dominated by
Initialization: Letw ! j ! and initialize sample the step of calculating the partial gradients of the function
weights! with 1; Initialize GNN's Lpvp H with respect to variablav. The complexity of
parameters with random uniform @oo H j50 np2 . In total, the complexity of each iteration
distribution; Iterationt 0 for VD/DVD term in Algorithm 1 isO np® . And it is quite
1 while not convergecbr t $ maxiter do smaller t?an the base models (e.g., the complexity of GCN
) Optimize ' to minimizeL ¢ via Eq. (13): i:; @) Ec;p , WhereE is the number of edges ardis the
3 Calculate variable weights ' fromw X ! via dimension of input node features).
Eq. (12); : .
4 | Optimize! ' to minimizeLpyp B © ' via Eq. F. Discussion
(10); In our paper, we propose to integrate two decorrelation
s |t t 1 terms (i.e., VD/DVD term) with GNN models to eliminate
6 end the estimation bias. Here we discuss the advantages and
7 Return:  andw ! j ! disadvantages of these two terms. VD term aggressively

decorrelates all the variables learned by GNNs, however, it
o . theoretically requires a large number of samples to achieve this
~ To optimize our GNN-DVD algorithm, we propose anyoal. To overcome this dilemma, the DVD term is proposed
iterative method. Firstly, we letv ! j ! to ensure non- o gifferentiate the variable weights in the VD term, aiming
negativity of w and initialize sample weight 1 for o remove the most unexpected correlation. However, due to
each samplé and GNN's parameters with random uniform ihe existence of unknown term'S in Eq. (8), introducing
distribution. Once th(_e initial values are given, in each iteratiog,ore parameters to optimize may increase the instability of the
we x the sample weight$ and update the GNN's parametersyogel. Hence, when the number of labeled samples is large,

by L with gradient descent, then compute }t<he1 Confoundsérforming GNN-VD may induce more stable results.
weights  from the linear transform matrixV . With

and xing the GNN's parameters, we update the sample IV. EXPERIMENTS
weights! with gradient descent to minimizepy,p H K1
We iteratively update the sample weights and GNN's
parameters until Lg converges.

A. Datasets

Here, we validate the effectiveness of our methods on
node classi cation with two kinds of selection bias, i.e., label
selection bias and small sample selection bias. For label
D. Extension to GAT selection bias, we employ three widely used graph datasets:

We can easily incorporate the VD/DVD term with othefc0ra. Citeseer and Pubmedl.[As in Sectionll-A, we get
GNNs. We combine them with GAT and more extensiorddree biased degrees as well as the original unbiased labeled
leave as future work. GAT utilizes an attention mechanisﬂpdeS for each dqtaset. For small sample selection bias, we
to aggregate neighbor information. It also follows the line&Nduct the experiments on NELL dataseg][ where each

aggregation and transformation steps. Similar to GCN, tf&Ss only has at most 1/5/10 labeled nodes for training. Due
hidden embeddingt K 1 s the input of VD/DVD term, and to the large scale of this dataset, the test nodes are easily to
! Aqave distribution shifts from training nodes. The details of the

the variable weights are calculated from the transformatio i :
datasets are summarized in Table II.

matrixW < ' and the sample weightg are used to reweight

the softmax loss. Note that the original paper utilizes the same )

transformation matrisv < * for transforming embedding andB- Baselines

learning attention values. Becausemeans the importance of We compare our proposed framework with several related
each variable for classi cation, and it should be calculated frofaselines:

transformation matrixv < ! for transforming embedding, a Base models: GCNZ] and GAT [3] are classical GNN
hence we use separate matrices for transforming embedding methods. We utilize them as the base models in our



TABLE II: Dataset statistics

Dataset Type Nodes Edges Classes Features Bias degree ( Bias type

Cora Citation network 2,708 5,429 7 1,433 0.7/0.8/0.9 Label selection bias

Citeseer  Citation network 3,327 4,732 6 3,703 0.7/0.8/0.9 Label selection bias

Pubmed Citation network 19,717 44,338 3 500 0.7/0.8/0.9 Label selection bias

NELL Knowledge graph 65,755 266,144 210 5,414 1/5/10 labeled nodes per class  Small sample selection bias

framework, so they are the most related baselines Y@/DVD terms) always achieve the best performances in most
validate the effectiveness of the proposed framework. cases, which well demonstrates that the effectiveness of our

a GNM-GCN/GAT [20]: A GNN method which considers proposed debiased GNN framework. Second, comparing with
unbalanced label selection bias problem in transductibase models, our proposed models all achieve up to 17.0% per-
setting. They also utilize GCN/GAT as their base modelfrmance improvements, and gain larger improvements under

a Chebyshev?]: It is a GCN-based method utilizing third-heavier bias scenarios. Since the major difference between our
order Chebyshev lters. model with base models is the VD/DVD regularizer, we can

a SGC B]: It is a simplied GCN-based method, which safely attribute the signi cant improvements to the effective
reduces the excess complexity through successively remdgeorrelation term and its seamless joint with GNN models.
ing nonlinearities and collapsing weight matrices betweérhird, GCN/GAT-DVD achieves better results than GCN/GAT-
consecutive layers. VD in most cases. It validates the importance and effectiveness

a APPNP R1]: It is one of the state-of-the-art GNN methodsf differentiating variables' weights in the semi-supervised
that combines PageRank with GCN. setting. Moreover, our model still outperforms baselines in

a Planetoid L0]: It is a classical semi-supervised graphthe unbiased setting. In real applications, it is hard to control
embedding method. We use its inductive variant. the collection process without any distribution shift from the

a MLP: It is a two-layer multilayer perceptron trained ortraining set to the test seRd]. Therefore, the problem we
the labeled nodes with only node features as input.  study is ubiquitous in reality and our method is effective in

a DGNN: It is the debiased GNN framework proposedhost scenarios.
in this paper. We incorporate the VD/DVD term

with GCN/GAT under our proposed framework calle¢t, Results on Small Sample Selection Bias Datasets

GCN/GAT-VD/DVD. As NELL is a large-scale graph, we cannot run GAT on

a single GPU with 16GB memory. We only perform GCN-

C. Experimental Setup VD/DVD and compare with representative methods which can

As the Sectionl-A has described, for all datasets, to simulateerform on this dataset. The results are shown in Table V. First,
the agnostic selection bias scenario, we rst follow the inductive CN-VD/DVD achieves signi cant improvements over GCN. It
setting in B] that masks the validation and test nodes in thgdicates that selection bias could be induced by a small number
training phase and validation and test with the whole gragtilabeled nodes and our proposed method relieve the estimation
so that the test nodes will be agnostic. For GCN and GATias. Moreover, with fewer labeled nodes, i.e., larger selection
we utilize the same two-layer architecture as their originfias, our methods achieve larger improvements over base
paper P], [3]. We use the following sets of hyperparametergodels. It further validates our method is an effective method
for GCN on Cora, Citeseer, Pubmed: 0.5 (dropout r&e)p * against heavy bias. Moreover, GCN-DVD further improves
(L2 regularization) and 32 (number of hidden units); and fé8CN-VD with a large margin on NELL-1 dataset. It means
NELL: 0.1 (dropout rate)l 10 ° (L2 regularization) and 64 that decorrelating all the variable pairs equally is suboptimal,
(number of hidden units). For GAT on Cora, Citeseer, we us®d our differentiated strategy is effective when labeled nodes
8 (rst layer attention heads), 8 (features each head), 1 (secodig scarce. With the number of labeled nodes increases, it
layer attention head), 0.6 (dropouf),10 4 (L2 regularization); may not necessary to differentiate the variable weights, but
and for Pubmed: 8 (second layer attention head)]0 ® (L2 GCN-DVD achieves competitive results with GCN-VD and
regularization), other parameters are the same as Cora &filti outperforms the base model with a clear margin.
Citeseer. To fair comparison, the GNN part of our model uses
the same architecture and hyper-parameters with the base medesample Weight Analysis

e e s e bl et et hre e andlze e efectof sampl eignsie comput
original Iiteratur’es on each da?aset FZE allpthe experime fngKarlnount of correlation in the labeled nodes’ embeddings
: d’ learned by standard GCN and the weighted embed-
Hlngs of the same layer learned by GCN-DVD. Note that,
the weights are the last iteration of sample weights of GCN-
DVD. Following [24], [25], the amount of correlation of GCN
D. Results on Label Selection Bias Datasets and GCN-DVD is measured by Frobenius norm of cross-
The results are given in Table Ill, and we have the followingorvairance matrif 1C 1% computed from variables ¢¥ K1
observations. First, the proposed models (i.e., GCN/GAT witind weightedd K1 respectively, wher&;; represents the

report its average Accuracy results.



TABLE III: Performance of three citation networks. The ™ indicates the best results of the baselines. Best results of all
methods are indicated in bold. "% gain over GCN/GAT' means the improvement percent of GCN/GAT-DVD against GCN/GAT.

Method \ Cora [ Citeseer [ Pubmed \

| Unbiased] Light [ Medium [ Heavy | Unbiased] Light | Medium | Heavy | Unbiased] Light | Medium | Heavy |
MLP 0.5296 0.5624 0.5197 | 0.5087| 0.5438 0.4532 0.3757 0.3893 0.6914 0.6852 0.6620 0.6378
Planetoid [10] 0.6650 0.5890 0.5240 | 0.5180| 0.6720 0.5160 0.5140 0.4880 0.744 0.7160 0.6770 0.6680
Chebyshev [22] 0.7407 0.7116 0.7006 | 0.6809 | 0:7232 0.6542 0.6276 0.5920 0.7450 0.7358 0.6862 0.6732
SGC [8] 0.779 0.7800 0.7800 | 0.7530 0.724 0.6780 | 0:6730 0.6200 0.781 0:7880 0.7560 0.6800
APPNP [21] 0:8132 0.7913 0.7689 | 0.7629 | 0.6862 0.6478 0.6052 0.5903 0.7731 0.7639 0.7369 0.6862
GNM-GCN [20] 0.7594 0.7423 0.7531 | 0.7196 | 0.6054 0.5793 0.5717 0.5125 0.7654 0.7552 0.7381 0.7072
GNM-GAT [20] 0.7976 0.7875 0.7638 | 0.7404 | 0.6832 0.6524 0.6487 0.5865 0.7666 0.7438 0.7568 0.6891
GCN [2] 0.7909 0.7851 0.7775 | 0.7422| 0.7075 0.6786 0.5952 0.5551 | 0:7845 0.7673 0.7545 | 0:7247
GCN-VD 0.7980 0.7951 0.7855 | 0.7522| 0.7122 0.6844 0.6676 0.6408 0.7888 0.7727 0.7729 0.7399
GCN-DVD 0.7951 0.7959 0.7885 | 0.7555| 0.7128 0.6908 0.6769 0.6496 0.7874 0.7741 0.7746 0.7542
% gain over GCN 0.53% 1.38% 1.41% | 1.79% 0.75% 1.8% 14.2% 17.0% 0.37% 0.89% 2.67% 4.07%
GAT [3] 0.8100 | 0:8067 0:8019 0.7578 | 0.7224 | 0:7033 0.6683 | 0:6475 0.7714 0.7665 | 0:7579 0.7068
GAT-VD 0.8133 0.8146 0.8079 | 0.7708 | 0.7288 0.7149 0.6833 0.6611 0.7732 0.7783 0.7689 0.7149
GAT-DVD 0.8139 0.8179 0.8119 | 0.7694 | 0.7294 0.7172 0.6825 0.6627 0.7735 0.7788 0.7723 0.7210
% gain over GAT 0.48% 1.39% 1.26% | 1.53% 0.97% 1.97% 2.12% 2.34% 0.27% 1.6% 1.9% 2.0%

TABLE IV: Performance of NELL. The ** indicates the best results of the baselines. Best results of all methods are indicated
in bold. “Improvement' means the improvement percent of GCN-VD/DVD (selected better results) against GCN.

Dataset MLP Planetoid  SGC GCN GCN-VD  GCN-DVD  Improvement
NELL-1 0.2385 0.3901 0.4128 0:4416  0.4652 0.4734 7.2%
NELL-5 0.4938 0.3519 0.6295 0:7030  0.7424 0.7361 5.6%
NELL-10 0.5838 0.5149 0.6275 0:7615 0.7734 0.7727 1.6%
(a) Cora (b) Citeseer (c) Pubmed

Fig. 3: Embedding correlation analysis on unweighted and weighted GCN.

covariance between pairwise variabl@ndj and the main the training time of GCN-DVD term has the same order of
diagonal ofC is set as zero vector. Figure 3 shows the amountagnitude with GCN. More importantly, the training time of
of correlation in unweighted and weighted embeddings, attte DVD term will not be in uenced by the base model we
we observe that the embeddings' correlations in all datasets ah®ose, i.e., when the base model is GAT, the running time of
reduced, indicating that the weights learned by GCN-DVD cdbvD term will not change.

reduce the correlation between embedded variables. Moreover,

as it is hard to reduce the correlation to zero, the necessity of TABLE V: The training time per epoch.
differentiating variables' weights is further validated.

Cora Citeseer Pubmed

L GCN 129 10° 200 10° 111 10°'

G. Parameter sensitivity GCN-DVD 619 102 846 102 242 101t
We study the sensitiveness of parameters and report the

results of GCN-DVD on three citation networks in Fig. 4-6.
The experimental rt_asult; show thgt GCN-DVD is. re!ati\(ely V. RELATED WORKS
stable to ; and , with wide ranges in most cases, indicating
the robustness of our model. In the past few years, Graph Neural Networks (GNNY) [

[2], [3], [21, [2€], [27], [28], [29], [30] have become the major
o technology to capture patterns encoded in the graph due to
H. Training time per epoch its powerful representation capacity. Recently, KPGNBY] [

We report the results for the mean training time of GCN arapplies GNNSs to the social event detection task by preserving
GCN-DVD per epoch (forward pass, cross-entropy calculatidie incremental knowledge emerging in social data. MRFas-
backward pass) for 200 epochs on Cora, Citeseer and Pubr®@N [32] integrates GCN with a Markov Random Fields
datasets, measured in seconds wall-clock time. These meth@d®F) model to deal with the semi-supervised community
are performed on a RTX 3090 GPU Card. As we can seketection problem. Not only pursuing the performance of GNNs
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on clean data, [33] proposes an exploratory adversarial attack
method, called EpoAtk, to test whether existing GNNs are
robust with adversarial perturbations on graphs. Although the
current GNNs have achieved great success, when applied to the
inductive setting, they all assume that training nodes and test
nodes follow the same distribution. However, this assumption
does not always hold in real applications. GNM [20] first pays
attention to the label selection problem on graph learning, and
it learns an IPW estimator to estimate the probability of each
node to be selected and uses this probability to reweight the
labeled nodes. However, it heavily relies on the accuracy of
the IPW estimator, which depends on the label assignment
distribution of the whole graph, hence it is more suitable for
the transductive setting.

To enhance the stability in unseen varied distributions, some
literatures [5], [34] have revealed the connection between
correlation and prediction stability under model misspecifi-
cation. Moreover, a kind of literatures [35], [36], [37] have
studied the problem of removing the features correlation effect
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in neural networks, which brings great benefits for deep
neural networks. However, these methods are built on simple
regressions or regular neural networks such as CNNs, but GNNs
have more complex architectures and properties needed to be
considered. We also notice that [6] propose a differentiated
variable decorrelation term for linear regression. However, this
decorrelation term requires multiple environments with different
correlations between stable variables and unstable variables
available in the training stage while our method does not require
this prior knowledge.

VI. CONCLUSION

In this paper, we investigate a general and practical problem:
learning GNNs with agnostic label selection bias. The selection
bias will inevitably cause the GNNs to learn the biased
correlation between aggregation mode and class label and
make the prediction unstable. We propose a novel debiased
GNN framework, which combines the decorrelation technique
with GNNs in a unified framework. Extensive experiments well
demonstrate the effectiveness and flexibility of DGNN.
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APPENDIX A
PROOF OF THEOREM 2

p
W argmv\i,nz Tabs H-; wH: j°n
il
n 1 n
H}W'n H:Tjw'n 2 F1=Wi2 2p=wi 1
il il
14
Proof. For simplicity, we denote L, <}) 1 T
abs H} wH. j™n Hiw™n H w'n 2,
1_n 2 1_n 2
Lo S<i1Wi, Ls S <i Wi 1° and
Fw L, 1Lkq oLo. We first calculate the

Hessian matrix of F w , denoted as Hg, to prove the
uniqueness of the optimal solution W, as follows:

2 2 2
H "Ly L, 0°Ls
1 2
© o aw? aw? aw?
For the term L, we can rewrite it as:
n
221
Li = i k g =HijHixwi
ik i1
1" 1" 2
n = Hijwi 7= Hikwi
il il
n
22 1 2
= i k p = HijHixwi
jik il
2 " 1" 1"
ﬁ—Hi;jHlkwl ﬁ—Hi;jwl ﬁ—Hi;kwl
il il il
1" 1"
a = Hijwi 5 =Hixwi
i1 i1

And when {H;;1 & c, for any variable j and K, and
2

1_n 2 1
ﬂV\g.ﬂ & c, we have @%vz E<i ]_Hi;jHi;kWi (@) nZ e
1 n 1 n 1
@@W ﬁ<i 1Hi;jWi E<i 1Hi;kWi (@] nZ and
2 _n 1_.n 1 __n
@%\,2 5 <i 1 HijHixwi S < 1 Hijwi & <§ 1 Hixw;
O L. Then with 1, & c, we
n
h 2208 1N i Higw;
?Ve 1| kW n i% i;j |;kW|1
n n .
5 <i aHigwi o <i g Hiwi O&. L is
sumof p p 1 such terms. Then we have
2 2
"L, p

aw? nZ -’

With some algebras, we can also have

L, 1,.6°Ls 1.7
w2 n" aw? n2 J
thus,
2 2
p 1 244T 1 p 2 .
He 05 @l 110 [l O0=—=:

Therefore, if Fl o p2n2 2 equivalentto 1N O p2 2, He is
an almost diagonal matrix. Hence, He is positive definite [38].
Then the function F w is convex on C rw {w;f & cx,
and has unique optimal solution W.

Moreover, because L, is our major decorrelation term, we
hope L; to dominate the terms 1L, and ,Lg3. On C, we have
Ly O1l.,L, O1l1,and § g 2<])HijHixw;

%<2?1Hi;jwi 2%<?1Hi;kwi O 1. Thus Lq
O p” . When p° © max ;; », L; will dominate the
regularization terms L, and L. O
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