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Abstract—To deal with distribution shifts in graph data, vari-
ous graph out-of-distribution (OOD) generalization techniques
have been recently proposed. These methods often employ a
two-step strategy that first creates augmented environments and
subsequently identifies invariant subgraphs to improve general-
izability. Nevertheless, this approach could be suboptimal from
the perspective of consistency. First, the process of augmenting
environments by altering the graphs while preserving labels may
lead to graphs that are not realistic or meaningfully related
to the origin distribution, thus lacking distribution consistency.
Second, the extracted subgraphs are obtained from directly
modifying graphs, and may not necessarily maintain a consistent
predictive relationship with their labels, thereby impacting label
consistency. In response to these challenges, we introduce an
innovative approach that aims to enhance these two types of
consistency for graph OOD generalization. We propose a modifier
to obtain both augmented and invariant graphs in a unified
manner. With the augmented graphs, we enrich the training data
without compromising the integrity of label-graph relationships.
The label consistency enhancement in our framework further
preserves the supervision information in the invariant graph.
We conduct extensive experiments on real-world datasets to
demonstrate the superiority of our framework over other state-
of-the-art baselines.

Index Terms—Graph Neural Networks, Distribution Shifts,
Out-of-Distribution (OOD) Generalization

I. INTRODUCTION

Graph data is prevalent in various applications, such as
molecular property predictions and financial analysis [1], [2],
[3], [4], [5], [6]. Recently, techniques in graph machine
learning have significantly advanced. For example, Graph
Neural Networks (GNNs) have been developed to effectively
handle graph data [7], [8], [9]. GNNs learn representations
of individual nodes by aggregating information from their
neighboring nodes [10], [11], [12], [13]. Despite the notable
success of graph machine learning, a significant challenge
remains. GNNSs typically assume that the training data follows
the same distribution as the test data. However, this assumption
often does not hold true in real-world scenarios [14], [15],
[16], [17]. Consequently, when the test data distribution differs
significantly, the performance of GNNs trained on the training
data deteriorates. This issue is commonly referred to as
distribution shift [18], [19], [20].

Although numerous solutions to distribution shifts have
been proposed for Euclidean data (e.g., images) [21], [22],
[23], [24], [25], [26], these techniques are challenging to
apply to graphs due to their complex node connections [27],
[28], [29]. To address distribution shifts in graphs, recent

methods have proposed generating augmented environments
through data augmentation [30], [31]. By training on this
augmented data, GNNs can learn the decisive information for
classification while ignoring the spurious information of each
environment, thereby achieving the robustness necessary to
perform well on test data [32], [33].

However, such a strategy can be suboptimal, facing two
crucial challenges: @ Distribution Consistency: When gener-
ating augmented environments, the graphs are obtained via
modification, which might diverge significantly from real-
world examples. For example, in molecular property predic-
tion, minor alterations to molecular structures can result in
significant changes in chemical properties, thus disrupting the
distribution consistency of augmented graphs [34]. This incon-
sistency arises because the augmented graphs may not accu-
rately reflect realistic or probable molecular configurations.
® Label Consistency: The process of extracting invariant
subgraphs, without careful consideration of how these changes
impact label relevance, risks impairing the learned relationship
between graph structures and labels. This is because the
identified invariant subgraphs may not accurately reflect the
labels they should belong to, which diminishes the preserved
supervision information.

To deal with these challenges, we propose a novel frame-
work named DLG, which aims to enhance Distribution- and
Label-consistency for Graph OOD generalization. Specifically,
we design a novel graph modifier to produce both augmented
and invariant graphs by sampling edges from the learned edge
masks. Using such a strategy enables us to unify the pro-
cesses of augmenting existing graphs and extracting invariant
graphs by formulating them both as modifications, in order
to enhance consistency from perspectives of distributions and
labels. @ Distribution Consistency Enhancement. To obtain
augmented graphs during training while preserving distribution
consistency, we propose to maximize the information between
augmented graphs and existing graphs. In this manner, we
could ensure the augmented graphs are informative and align
with existing graphs to preserve distribution consistency. @
Label Consistency Enhancement. To ensure the generated
invariant graphs remain consistent across different domains
regarding their labels, we explicitly enhance label consistency
by ensuring that the extracted invariant subgraphs share max-
imal supervision information with the original graph G. In
summary, our contributions are as follows:

* Investigation. We investigate the challenges of invariant



learning in the problem of OOD generalization on graphs,
with a particular emphasis on Distribution Consistency and
Label Consistency.

* Design. We develop a novel OOD generalization framework
with two essential strategies: (1) a distribution consistency
enhancement module that aims to achieve augmented graphs
that exhibit better cross-domain consistency; (2) a label con-
sistency enhancement module that ensures that the extracted
invariant subgraph contains maximal decisive information
for classification;

* Effectiveness. We conduct extensive experiments on a va-
riety of both graph-level and node-level graph OOD gener-
alization datasets that cover both synthetic and real-world
graph data. The results further demonstrate the superiority
of our proposed framework.

II. RELATED WORKS

The challenge of out-of-distribution (OOD) generalization
is to enable models to generalize to previously unseen test dis-
tributions after training on similar but distinct data [35], [36].
Recent research has focused on invariant learning [37], [38],
which aims to maintain a stable relationship between inputs
and outputs across different distributions. Current approaches
typically achieve this by learning invariant representations [39]
or invariant causal predictions [40], [41]. Additionally, some
methods seek OOD generalization by optimizing the worst-
case group performance without predefined partitions in the
training data [42], [43], [44].

The issue of OOD generalization in graph data has gained
increased attention recently [45], [46], driven by the prevalence
of distribution shifts in various real-world scenarios [47].
Among these approaches, EERM [18] was proposed for node
classification and uses invariance principles to generate do-
mains by maximizing loss variance across domains in an
adversarial manner. For graph classification tasks, DIR [34]
employs graph representations as causal rationales and gener-
ates additional distributions via interventional augmentations.
CIGA [48] and DisC [49] both propose to capture the causal
information in subgraphs. To address the limitations of CIGA
and DisC in scenarios where the prior knowledge about the
variance of causal and spurious information is unavailable,
GALA [50] uses an assistant model to detect distribution shifts
based on this variance.

III. PROBLEM FORMULATION

We first denote the set of training graphs as D, =
{(Gi,Y:)|i € [1,|Ds|]}. Here G € G and Y € Y are graph
samples and their labels. We further denote each graph as
G = (A,X), where A € RV*¥ and X € RV*4: represents
the adjacency matrix and feature matrix, respectively. Here NV
is the number of nodes in G, and the j-th row vector of X is the
d,-dimensional attributes of the j-th node. Following existing
works [48], [47], [34], the goal of OOD graph generalization
is to learn a classification function f.(-): G — ) that takes a
graph as input and predicts its label Y. The ultimate goal of
OOD graph generalization is to learn the optimal classification

function f* that could precisely predict the labels of graphs
in the test set, i.e., D = {(G},Y;*)|i € [1,|Deel]}

IV. METHODOLOGY

We elaborate on our framework DLG for graph OOD
generalization problem via enhancing distribution and label
consistency. As illustrated in Fig. 1, our framework leverages a
classifier f.(-) and two graph modifiers g,(-) and g, (-), which
generate augmented and invariant graphs, respectively. The
encoder and modifiers are optimized based on our designed
objectives for the two types of consistency. Note that our
modifier only considers the edges in each graph, i.e., only
modifying the adjacency matrix. That being said, we could
potentially create edges that do not exist in the original graph.

A. Modification

Considering an input graph G = (A, X) from the training
dataset Dy, we first aim to learn its invariant graph G, =
(A,,X,) that preserves label consistency for classification.
Additionally, during training, we also generate an augmented
graph G, = (A, X,) that preserves distribution consistency.
The augmented graph G, is also classified by the classifier
f(-) with the same label as G.

In the following, we describe the process of obtaining the
invariant graph G, and the augmented graph G, in detail.
Particularly, we first learn the representations for modification:

H, = GNN,(A,X) and H, =GNN,(A,Xay). (1)

Here GNN,, and GNN,, are two GNNs used in g, (-) and g,(+),
respectively. H,, (or H,) represents the learned embedding
matrix of G, (or G,). Notably, for the input to GNN,, we
additionally incorporate the information from label Y of G.
This is because the augmented graphs are only used during
training, which means its label information is always available.
Moreover, with label information added, it also benefits our
label consistency enhancement when used for training, as
introduced in the following section. During the inference stage,
the label information is unavailable, and thus we do not
incorporate label Y in g, (+).

With the learned representations, we illustrate the detailed
process of modification. As the process applies to both in-
variant and augmented graphs, here we use H for simplicity.
Particularly, given H, our target is to learn from edge masks
{eijli,7 =1,2,...,N}. Here each mask is in [0, 1], denoting
the sampling probability of a specific edge. In general, a larger
mask leads to a higher sampling probability, indicating that
the edge is more likely to appear in the invariant graphs or
augmented graphs.

To learn the edge masks, we apply a Multi-Layer Perceptron
(MLP) and calculate the dot product:

e;; = Sigmoid ((MLPe(hi))T -MLPe(hj)) )

where h, denotes the representation of the ¢-th node, i.e.,
the ¢-th row vector in H. With the learned masks, we could
perform sampling for edges. Nevertheless, such a sampling
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Fig. 1: The overall framework of DLG. Given a graph G =

(A,

X), we feed it into GNN,, to learn a graph representation,

which will be used to generate an invariant graph G, for classification. Meanwhile, the input graph is also processed by GNN,
to generate an augmented graph G,, which shares the same label as G, but with different structures and edges. To enhance
label consistency, we propose the classification loss L. for optimization. To enhance distribution consistency, we design a loss
L4 that leverages randomly sampled graphs from existing data to ensure G, aligns with distributions of existing data.

process is non-differentiable. To enable the optimization of our
framework via gradient descent, we utilize the sigmoid variant
of gumbel-softmax [51] to sample edges. By factorizing the
modification process into sampling individual edges, we could
avoid the extensive computational cost caused by the large
graph space [52].

B. Distribution Consistency Enhancement

Although we generate augmented graphs to expand the
training data distribution, the strategy cannot guarantee that the
generated graphs preserve consistency with existing graphs.
In other words, the generated graphs may largely deviate
from the distribution of existing data. Moreover, the labels
of augmented graphs may also be different from the graph
before augmentation.

To deal with this, we propose to maximize the mutual
information between augmented graphs G, and other existing
graphs with the same label. Specifically, we first randomly
sample a batch of graphs from all training data as the support
set S = {G;|i = 1,2,...,C}, containing one graph for each
class. Here C is the number of classes. Moreover, the label
of G, is y;, i.e., the i-th label in the label space ). In this
manner, the objective of maximizing the mutual information
between G, and S can be represented as follows:

P(Ga, Gi)
(Ga )p(Gi) .
Since the mutual information I(G,;S) is intractable and thus

infeasible to maximize [53], we transform the objective into a
more accessible form:

ZpG|G Gi)lo

This form is easier to optimize as it contains the term p(G;).
As we randomly sample GG; from each class, we assume that
the prior probability, i.e., p(G;), follows a uniform distribution

max I(Gg;S) mapr G, G;)log

=1

3)

(P(GilGa).

I(G,;S)
p(Gi)

“4)

and set it p(G;) = 1/C. According to Bayes’ theorem, the
objective then becomes:

1
1(6.:8) = Czpa 6 (10s9(G1lG) ~ 105 5 ) )

To achieve the value of p(G,|G;), we estimate it as
p(Ga|G;) = 1(Y = y;), where Y and y; are the labels of G
and G, respectively. Here 1(Y = y;) = 1 if G and G; share
the same label; otherwise 1(Y = y;) = 0. In this manner,
considering that log(1/C) is a constant, the above objective
can be further simplified as follows:

max [(Gq; S) = max - Z ;) log p(G4|Ga).  (6)

To further estimate log p(G;|G,), we can define the probability
of G; sharing the same label as G (i.e., y; = Y') according to
the squared ¢ norm of the embedding distance. Specifically,
we first apply the same GNN, on G, to obtain its representa-
tion:

H;(j), where H; = GNN,(A;,X; ®y;), (7)

| =
. —
M=
M=

where A; and X; are adjacency matrix and feature matrix of
G}, respectively. y; is the corresponding one-hot vector of the
label of G;. Based on the representation, the term p(G;|G,)
can be formulated as below, after normalization with a softmax
function:

exp (—(he — hy)?)
S5, exp (—(hg — hy)?)

where h, and h; are graph-level representations of G and
G, respectively. Note that as GG, is generated from G, here
we use the graph representation of G as h, to obtain the
objective. If we further apply the ¢ normalization to both h,
and h;, we obtain (h, —h;)?> = 2 — 2h, - h;. Additionally, to
enhance diversity, we still need to ensure the obtained G, is

p(Gi|Ga) =

; ®)



not excessively similar to GG,,, even though they are of the same
label. Thus, we modify the denominator in Eq. (8) to involve
the graph-level representation of G,, i.e., h,. The objective
becomes:

c
Lo=— LY =y)2h, h~

c
log(exp (2hy, - h,) + ijl exp (2h, - hy)).

With this objective, we aim to ensure that the representation
H, used for generating GG, should be similar to existing graphs
with the same label while distinct from other graphs with
different labels, and more importantly, the original graph G.
Consequently, we are able to broaden the distribution of the
class to which G belongs, through the use of the generated
G,, while also preserving the informativeness of G,.

©))

C. Label Consistency Enhancement

As our goal for the extracted invariant graph is to ensure
label consistency, we strive to preserve as much useful in-
formation from the original graph G as possible. Therefore,
we formulate our objective as maximizing the conditional
likelihood of P(G,|G,Y), representing the probability of the
generated consistent graph G, conditioned given the origi-
nal graph G. That being said, we aim to ensure that the
generated GG, share maximal supervision information with G
while ignoring unrelated information. Therefore, we obtain the
classification losses: q, = f(G,), 44 = f(Ga), and

c
Lo==> (10 = y)log(au(i)) + av() 1og(aa()) ), (10)
i=1
where q, € RE (or Qe € RY) is the probability that G,
(or G) belongs to each class in the label space Y, and C' is
the number of classes. Moreover, ¢, (i) (or g,(7)) is the i-th
element in q, (or q,). Here 1(Y = y;) = 1 if the label YV of
G is y;; otherwise 1(Y = y;) = 0. In this way, we enforce
the class probability distributions of G, and G, to be close
to each other while utilizing label information of G.
D. Optimization

In this subsection, we introduce the detailed optimization
steps of DLG. As described in Sec. IV-C and Sec. IV-B, we
propose two losses to optimize our framework, i.e., L4 and L.
However, directly applying all two losses can be detrimental
to the overall performance, as the modules in our framework

maintain different objectives. Let us denote the parameters of
GNN,, and GNN,, as #, and 6,, respectively. We apply both

losses for optimization:
{67,602} = argmin aly+ (1 — o)L,
{evaga}
where 0 and 67 are the optimal parameters for GNN, and
GNN,, respectively. @ € [0,1] is a hyper-parameter that
controls the importance of L.
Moreover, as the classifier is only involved in the classifi-
cation loss, we optimize it with L.:

Y

0} = argmin L, (12)

O

*

where ¢} denotes the optimal parameters for the classifier
fe(+), respectively. In this manner, we can jointly optimize
all modules in our framework in an end-to-end manner.

V. EXPERIMENTS

In this section, we evaluate our framework DLG on a
variety of synthetic and real-world graph datasets for out-of-
distribution generalization.

A. Datasets and Settings

Graph-Level OOD Datasets. For experiments, we utilize a
combination of synthetic and real datasets for OOD generaliza-
tion on graph classification tasks. Specifically, we first consider
graph-level datasets used in GALA [50]. The included datasets
are as follows: @ TPG (Two-Piece Graph) datasets constructed
based on the BA-2motifs [54], resulting in four variants of 3-
class two-piece graph datasets. Each variant is controlled by a
hyperparameter that adjusts the correlations between the label
and the spurious information in the graph, ranging from +0.2
to —0.2. @ Six Datasets from the DrugOOD benchmark [55],
which is centered on the challenging real-world task of Al-
aided drug affinity prediction. The DrugOOD datasets include
splits based on Assay, Scaffold, and Size from two categories:
EC50 (denoted as EC50-) and Ki (denoted as Ki-). These
datasets provide a diverse range of scenarios to evaluate the
effectiveness of various methods in predicting drug affinities
across different biological and chemical contexts. We further
consider four graph-level datasets used in DIR [34]: & SP-
Motif [56] is a synthetic dataset, in which the degree of bias
can be manually controlled. Each graph consists of a base
(with structures from Tree, Ladder, and Wheel) and a motif
(with structures from Cycle, House, and Crane). The label is
entirely decided by the structure of the motif in each graph.
We consider the average results of four bias degrees: 1/3,
0.5, 0.7, and 0.9. ®@ MNIST-75sp [57] is converted from
the MNIST image dataset, and random noises are added to
create distribution shifts. There exist 10 labels in the dataset.
Moreover, the node features contain random noises in the test
set. @ Molhiv (OGBG-Molhiv) [58], [59], [60] is a molecular
property prediction dataset, and the distribution shift is based
on different structures of molecules. ® Graph-SST2 contains
graphs constructed from sentimental sentences, and the dis-
tribution shift originates from different partitions of graphs.
Note that due to the different properties of graph structures
in these datasets, we follow DIR [34] to use different GNN
backbones for various datasets. Among these four datasets, the
SP-Motif dataset is synthetic, while the other three datasets
are obtained from real-world data. Our code is provided at
https://github.com/SongW-SW/DLG.

Baselines. To evaluate our proposed framework DLG while
comparing other state-of-the-art methods, we consider the
following baselines: @ OOD methods proposed for Euclidean
data (e.g. images), which include IRM [35] and V-REx [30].
® OOD methods proposed for graph data, which include
DIR [34], GIL [47], CIGA [48], and GALA [50].


https://github.com/SongW-SW/DLG

TABLE I: The performance of various methods on TPG datasets with different degrees of bias. We report the results for test

accuracy (in %), and the best results are in bold.

Dataset TPG EC50 Ki SP-Motif MNIST-75sp Graph-SST2 Molhiv
ERM 61.77 &= 1.78 67.53 &+ 145 73.54 £ 1.76 38.81 £+ 1.61 12.71 4+ 1.43 81.44 £+ 0.59 76.20 = 1.14
IRM 61.38 &+ 1.63 67.93 + 1.28 73.56 = 1.98 39.71 £ 2.11 18.62 £+ 1.22 81.01 £ 1.13 74.46 + 2.74
V-REx 60.94 + 1.98 67.70 = 1.20 74.08 + 1.86 39.04 + 1.97 18.92 + 1.41 81.76 £ 0.08 75.62 =+ 0.79
DIR - - - 43.94 + 1.70 20.36 + 1.78 83.29 £ 0.53 77.05 £ 0.57
GIL 64.50 £+ 2.13 64.20 £ 3.18 73.69 £+ 2.56 52.29 4+ 2.96 21.94 £+ 0.38 83.44 £ 0.37 79.08 + 0.54
CIGA 67.18 £+ 1.85 68.18 £+ 1.57 7343 + 2.71 69.86 + 3.41 24.81 £+ 2.08 81.43 £ 1.26 79.70 £+ 1.55
GALA 79.21 £+ 1.34 69.36 + 1.51 76.16 + 1.80 - - - -
DLG 79.69 £ 1.65 69.85 + 1.84 76.55 £+ 2.04 73.34 + 2.84 31.22 + 0.97 84.01 + 0.89 79.80 £ 0.60
DLG DLG .w/0.Ly DLG .w/o.L, key designs within DLG. First, the diversity enhancement
%0 " i component is disabled by removi.ng.the. loss ﬁd,. causing th.e
o R " 30| iy II I frarpewgrk unable to preserve distribution conmstepcy. This
8 70 I I 8 It variant is denoted as DLG w/o L4. Second, we discard the
< 60 < 25 consistency enhancement by removing L.. This means that
the augmented graphs and invariant graphs are not restricted
50770 05 08 2070 05 038 by label consistency enhancement. We denotf.: this version
Value.of.a... Value.of.c. .. as DLG w/o L.. The results from our ablation study are
...(a)...SP-Motif ...(b)... MNIB3Isp illustrated in Fig. 2. From these results, we observe that DLG

Fig. 2: The performance of our framework DLG with different
modules removed.

B. Results of Graph-Level OOD Generalization

We conduct experiments for out-of-distribution general-
ization on two sets of datasets used in GALA [50] and
DIR [18], respectively. We present the results of TPG (Two-
Piece Graph), DrugOOD, and the four datasets used in DIR in
Table 1. From the results, we have the following observations:
@ DLG achieves the best result across most synthetic and
real-world datasets. We observe that the performance of IRM
and V-REx is less competitive, demonstrating that directly
applying OOD generalization methods to graph data is insuf-
ficient. In concrete, these results indicate that DLG maintains
superior generalizability compared to other baselines across
various datasets. @ DLG exhibits superior performance on
datasets with node features of fewer dimensions. Among the
datasets evaluated, the Graph-SST2 dataset uniquely preserves
node features with a substantial dimension size of 768. In
contrast, all other datasets maintain node features with sizes
less than 10. This characteristic emphasizes the need to
learn consistent representations while concurrently preserving
their informativeness. Owing to the proposed informative
loss integrated into our framework, DLG effectively retains
informativeness within the learned representations, preventing
the omission of valuable information when applied to datasets
with limited node features.

C. Ablation Study of DLG

In this subsection, we further present several ablation studies
on various datasets to validate the significance of the two

outperforms all other variants, which validates the effective-
ness of the two modules in our framework. First, integrating
the distribution consistency enhancement yields a significant
performance boost, especially when the weight « is increased.
More significantly, without the label consistency enhancement,
i.e., loss L., the performance decreases rapidly on SP-Motif
and MNIST-75sp. Those results demonstrate the importance
of label consistency enhancement in the presence of a larger
distribution shift.

VI. CONCLUSION

In this work, we have investigated the problem of graph
out-of-distribution (OOD) generalization on both graph clas-
sification and node classification. We demonstrate that the two
traditional steps: augmentations and invariant subgraph extrac-
tion, may fail to achieve distribution consistency and label
consistency, respectively. To deal with this, we propose a novel
framework DLG to enhance these two types of consistency.
Based on learning edge masks with our designed modifiers,
we are able to preserve the consistency in augmented graphs
and invariant graphs. We conduct extensive experiments on a
variety of both graph-level and node-level OOD generalization
datasets. The results demonstrate that our framework DLG
consistently outperforms other state-of-the-art graph OOD
generalization methods.
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