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Abstract

Graph neural networks, despite their impressive performance, are highly vulnerable to
distribution shifts on graphs. Existing graph domain adaptation (graph DA) methods often
implicitly assume a mild shift between source and target graphs, limiting their applicability
to real-world scenarios with large shifts. Gradual domain adaptation (GDA) has emerged as
a promising approach for addressing large shifts by gradually adapting the source model to
the target domain via a path of unlabeled intermediate domains. Existing GDA methods
exclusively focus on independent and identically distributed (IID) data with a predefined
path, leaving their extension to non-IID graphs without a given path an open challenge. To
bridge this gap, we present Gadget, the first GDA framework for non-IID graph data.
First (theoretical foundation), the Fused Gromov-Wasserstein (FGW) distance is adopted
as the domain discrepancy for non-IID graphs, based on which, we derive an error bound
on node, edge and graph-level tasks, showing that the target domain error is proportional
to the length of the path. Second (optimal path), guided by the error bound, we identify
the FGW geodesic as the optimal path, which can be efficiently generated by our proposed
algorithm. The generated path can be seamlessly integrated with existing graph DA methods
to handle large shifts on graphs, improving state-of-the-art graph DA methods by up to 6.8%
in accuracy on real-world datasets.
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1 Introduction

In the era of big data and AI, graphs have emerged as a powerful tool for modeling relational data. Graph
neural networks (GNNs) have achieved remarkable success in numerous graph learning tasks such as graph
classi�cation Xu et al. (2018), node classi�cation Kipf & Welling (2017), and link prediction Zhang & Chen
(2018). Their superior performance largely relies on the fundamental assumption that training and test graphs
are identically distributed, whereas the large distribution shifts on real-world graphs signi�cantly undermine
GNN performance Li et al. (2022).

To address this issue, graph domain adaptation (graph DA) aims to adapt the trained source GNN model
to a test target graph Wu et al. (2023); Liu et al. (2023a). Promising as it might be, existing graph DA
methods follow a fundamental assumption that the source and target graphs bear mild shifts, while real-world
graphs could su�er from large shifts in both node attributes and graph structure Hendrycks et al. (2021); Shi
et al. (2024). For example, user pro�les are likely to vary from di�erent research platforms (e.g., ACM and
DBLP), resulting in attribute shifts on citation networks. In addition, while Instagram users are prone to
connect with close friends, users tend to connect to business partners on LinkedIn, leading to structure shifts
on social networks. To handle large shifts, gradual domain adaptation (GDA) has emerged as a promising
approach Kumar et al. (2020); Wang et al. (2022); He et al. (2023). The key idea is to gradually adapt the
source model to the target domain via a path of unlabeled intermediate domains, such that the mild shifts
between successive domains are easy to handle. Existing GDA approaches exclusively focus on independent
and identically distributed (IID) data, e.g., images, with a prede�ned path Kumar et al. (2020); Wang
et al. (2022), however, the extension of GDA to non-IID graphs without a prede�ned path remains an open
challenge. Therefore, a question naturally arises:

How to perform GDA on graphs such that large graph shifts can be e�ectively handled?

Contributions. In this work, we focus on the unsupervised graph DA and propose Gadget, the �rst GDA
framework for non-IID graphs with large shifts. An illustration of Gadget is shown in Figure 1. While direct
graph DA fails when facing large shifts (Figure 1(a)), Gadget gradually adapts the GNN model via unlabeled
intermediate graphs based on self-training (Figure 1(b)), achieving signi�cant improvement on graph DA
methods on real-world graphs (Figure 1(c)). Speci�cally, to measure the domain discrepancy between non-IID
graphs, we adopt the prevalent Fused Gromov-Wasserstein (FGW) distance Titouan et al. (2019) considering
both node attributes and connectivity, such that the node dependency, i.e., non-IID property, of graphs can
be modeled. Afterwards (theoretical foundation), we derive an error bound for graph GDA, revealing the close
relationship between the target domain error and the length of the path. Furthermore (optimal path), based
on the established error bound, we prove that the FGW geodesic minimizing the path length provides the
optimal path for graph GDA. To address the lack of path in graph learning tasks, we propose a fast algorithm
to generate intermediate graphs on the FGW geodesics, which can be seamlessly integrated with various
graph DA baselines to handle large graph shifts. Finally (empirical evaluation), we carry out experiments on
node-level classi�cation, and the results demonstrate the e�ectiveness of our proposed Gadget, signi�cantly
improving graph DA methods by up to 6.8% in classi�cation accuracy.

2 Related Works

Graph Domain Adaptation. Graph DA transfers knowledge between graphs with di�erent distributions
and can be broadly categorized into data and model adaptation. For data adaptation, shifts between
source and target graphs are mitigated via deep transformation Jin et al. (2023); Sui et al. (2023), edge
re-weighting Liu et al. (2023a) and graph alignmentLiu et al. (2024a). For model adaptation, various general
domain discrepancies, e.g., MMD Gretton et al. (2012) and CORAL Sun et al. (2016), and graph domain
discrepancies Zhu et al. (2021); Wu et al. (2023); You et al. (2023), are proposed to align the source and target
distributions. In addition, adversarial approaches Dai et al. (2022); Zhang et al. (2019) learn domain-adaptive
embeddings that are robust to domain shifts. However, existing graph DA methods only handle mild shifts
between source and target, limiting their application to real-world large shifts.

Gradual Domain Adaptation. GDA tackles large domain shifts by leveraging gradual transitions along
intermediate domains. GDA is �rst studied in Kumar et al. (2020), where the self-training paradigm and
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Figure 1: An illustration of graph GDA. Figures (a-b) show the node embeddings, whose colors (blue and red)
indicate classes and shapes (� and � ) indicate domains, and the decision boundary. (a): Direct adaptation
fails when facing large shifts as all target nodes in class 0 (� ) are misclassi�ed. (b): Gradual adaptation
successfully handles large shift by decomposing it into intermediate domains on the FGW geodesics with
mild shifts, where all target nodes in class 0 (� ) are correctly separated from those in class 1 (� ). (c): Bars
w/ and w/o hatches show the performance of direct adaptation and GDA, respectively. Number over bars
are the absolute improvement on accuracy. Our proposed Gadget signi�cantly improves various graph DA
methods on real-world datasets.

its error bound, are proposed. More in-depth theoretical insights Wang et al. (2022) identify optimal paths,
achieving trade-o�s between e�ciency and e�ectiveness. More recent studies generalize GDA to scenarios
without well-de�ned intermediate domain by either selecting from a candidate pool Chen & Chao (2021) or
generating from scratch He et al. (2023). However, existing GDA methods exclusively focus on IID data,
whereas the extension to non-IID graph data is largely un-explored.

3 Preliminaries

In this section, we �rst introduce the notations in Section 3.1, based on which, preliminaries on the FGW
space and graph DA are introduced in Sections 3.2 and 3.3, respectively.

3.1 Notations

We use bold uppercase letters for matrices (e.g.,A ), bold lowercase letters for vectors (e.g.,s), calligraphic
letters for sets (e.g.,G), and lowercase letters for scalars (e.g.,� ). The element (i; j ) of a matrix A is denoted
as A(i; j). The transpose of A is denoted by the superscript T (e.g., A T ).

We useX for feature space andY for prediction space, with their respective norms ask � kX and k � kY . A
graph G = ( V; A; X ) has node setV, adjacency matrix A 2 R jVj�jVj and node feature matrix X 2 X jVj . Let
G denote the space of all graphs, a GNN is a functionf : G ! Y jVj mapping a graph G 2 G to the prediction
spaceY. We denote the source graph byG0 and the target graph by G1. We use subscriptsn; e; g to denote
node-level, edge-level and graph-level tasks, respectively.

The simplex histogram with n bins is denoted as � n = f� 2 R +
n j

P n
i=1 � (i ) = 1 g. We denote the probabilistic

coupling as �( �; �), and the inner product as h�; �i. We use� x to denote the Dirac measure inx. For simplicity,
we denote the set of positive integers no greater than n as N+�n .

3.2 Fused Gromov�Wasserstein (FGW) Space

The FGW distance serves as a powerful measure for non-IID graph data by considering both node attributes
and connectivity. Formally, the FGW distance can be de�ned as follows.

De�nition 1 (FGW distance: Peyré et al. (2016; 2019); Titouan et al. (2019)). Given two graphs G0; G1

represented by probability measures� 0 =
P jV 0 j

i=1 hi � (v i ;X 0 (v i )) ; � 1 =
P jV 1 j

j=1 gj � (u j ;X 1 (u j )) , where h 2 � jV 0 j ; g 2
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� jV 1 j are histograms, a cross-graph matrixM 2 R jV 0 j�jV 1 j measuring cross-graph node distances based
on attributes, and two intra-graph matrices C0 2 R jV 0 j�jV 0 j ; C1 2 R jV 1 j�jV 1 j measuring intra-graph node
similarity based on graph structure, the FGW distance dFGW;q;� (G0; G1) is de�ned as:

dFGW;q;� (G1; G2) = min
S2�(� 0 ;� 1 )

(" G1 ;G2 (S))
1
q ; where

"G1 ;G2 (S)=
X

u2V 0
v2V 1

(1��)M(u; v) qS(u; v)+
X

u;u 02V 0
v;v 02V 1

�jC 0(u; u0)�C 1(v; v0)jqS(u; v)S(u 0; v0); (1)

where q and � are the order and weight parameters of the FGW distance, respectively.

Intuitively, the FGW distance calculates the optimal matching S between two graphs in terms of both
attribute distance M and node connectivity C0; C1. Following common practice Titouan et al. (2019); Zeng
et al. (2024c), we adoptq = 2 and use the adjacency matrix A i as the intra-graph matrices C i . For brevity,
we omit the subscripts q; � and use dFGW to denote dFGW;q;� .

Since the FGW distance is only a pseudometric, we follow a standard procedure Howes (2012) to de�ne an
induced metric d�

FGW . We start with the FGW equivalence class de�ned as follows.

De�nition 2 (FGW equivalence class). Given two graphs G0; G1, the FGW equivalence relation � is de�ned
as G0 � G 1, i� dFGW (G0; G1) = 0. The FGW equivalence class w.r.t. � is de�ned as JGK:= fG0:G0�Gg . The
FGW space is de�ned as G=� = fJGK : G 2 Gg.

Afterwards, the induced metric d�
FGW is de�ned by d�

FGW (JG0K; JG1K) = dFGW (G0; G1), which measures the
distance between two FGW equivalence classes. The FGW geodesics is de�ned as follows

De�nition 3 (FGW geodesic). A curve 
 : [0; 1] ! G=� is an FGW geodesic fromJG0Kto JG1Ki� 
 (0) = JG0K,

(1) = JG 1K, and for every �0; � 1 2 [0; 1],

d�
FGW (
(� 0); 
(� 1)) = j� 0 � � 1j � d�

FGW (JG0K; JG1K):

Intuitively, the FGW geodesic is the shortest line directly linking the source and target graph. To simplify
notation, we use JGK and G interchangeably for the rest of the paper.

3.3 Unsupervised Graph Domain Adaptation

Unsupervised graph DA aims to adapt a GNN model trained on a labeled source graph to an unlabeled
target graph, which can be formally de�ned as follows.

De�nition 4 (Unsupervised graph DA). Given a source graph G0 with labels Y0, where Y0 2 Y jV 0 j
n for

node-level task,Y0 2 Y jV 0 j�jV 0 j
e for edge-level tasks andY0 2 Yg for graph-level tasks, and a target graphG1.

Unsupervised graph DA aims to train a modelf using the labeled source graph (G0; Y0) and the unlabeled
target graph G1 to accurately predict target labels bY1 = f(G 1).

However, existing graph DA methods fundamentally assume mild shifts between source and target graphs.
To handle large shifts, we introduce the idea of GDA to graph DA, which gradually adapts a source GNN to
the target graph via a series of sequentially generated graphs.

4 Theoretical Foundation

In this section, we present the theoretical foundation of graph GDA. The problem is formulated in Section 4.1.
We establish the error bound in Section 4.3 and derive the optimal path in Section 4.4.

4.1 Problem Setup

To formulate the graph GDA problem, we �rst de�ne the path for graph GDA as follows.
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De�nition 5 (Path). A path between the source graph G0 and target graph G1 is de�ned as H =
(H 0; H 1; :::; H T ), where H0 = G0 and HT = G1.

In general, for a T-stage graph GDA, given the modelf t�1 at stage t � 1 and the successive graphH t at
staget, self-training paradigm trains the successive modelf t based on the pseudo-labelsf t�1 (H t ). Formally,
graph GDA can be de�ned as follows.

De�nition 6 (Graph gradual domain adaptation). Given a source graph G0 with label Y0, and a target
graph G1. Graph GDA (1) �nds a path H with H 0 = G0; H T = G1, and (2) gradually adapts the source model
to the target graph via self-training, that is:

f t := arg min f t
` (f t (H t ); f t�1 (H t )) ; 8t = 1; 2; :::; T;

where ` is the loss function andf t�1 (H t ) is the pseudo-label for thet-th graph H t given by the previous model
f t�1 . Graph GDA aims to minimize the target error between the prediction f T (G1) and the groundtruth
label Y1.

Note that we consider a more general self-training paradigm compared to Empirical Risk Minimization
(ERM) Kumar et al. (2020) and do not pose speci�c constraints on the loss function`. That is to say, our
proposed framework is compatible with various graph DA baselines with di�erent adaptation losses.

De�nition 7 (Graph convolution). For any graph G = ( V; A; X ), the graph convolution operation gcn for
any node u 2 V depends only on node pair information NG(u) := fA(u; v); X(v)g v2V , that is

gcn(G)u := gcn(N G(u)) := gcn(fA(u; v); X(v)g v2V ); 8u 2 V:

A GNN layer g (i) is a composition of graph convolution gcn, linear transformation and ReLU activation

g(i) = ReLU � Linear � gcn (i) : (2)

We further de�ne node-level, edge-level and graph-level tasks as follows

De�nition 8 (Node-level task). A GNN model is a composition of graph convolutions g(i) , i.e., f n =
g(L) � ::: � g (1) . For each nodeu 2 V , the node-level loss is de�ned by� n (f n (G)u ), where the groundtruth
label Y (u) is omitted for brevity. The overall node-level loss of a GNN fn on a graph G can be de�ned as

� n (f n ; G) :=
1

jVj

X

u2V

� n (f n (G)u ):

De�nition 9 (Edge-level task). A GNN model is a composition of graph convolutions g(i) and a pairwise
aggregation function � , i.e., f e = ��g (L) �:::�g (1) = ��f n . The aggregation function � turns the embeddings of
two nodesf n (G)u ; f n (G)u 0 into an edge embeddingf e(G)(u;u 0) = � (f n (G)u ; f n (G)u 0). For each edge (u; u0) 2 G,
the edge-level loss is de�ned by� e

�
f e(G)(u;u 0)

�
, where the groundtruth label Y ((u; u0)) is omitted for brevity.

The overall edge-level loss of a GNN fe on a graph G can be de�ned as

� e(f e; G) =
1

jVj2
X

u;u 02V

� e
�
f e(G)(u;u 0)

�
:

De�nition 10 (Graph-level task). A GNN model is a composition of graph convolutions g(i) and a pooling
function r , i.e., f g = r � g (L) � ::: � g (1) . The pooling function r turns the embeddings of all nodesf n (G) into
a graph embeddingf g(G) = r (f n (G)). The overall graph-level loss of a GNNf g on a graph G can be de�ned
as �g(f g; G), where the groundtruth label y(G) is omitted for brevity.

4.2 Assumptions

To capture the non-IID nature, i.e., node dependency, of graphs, we adopt the FGW distance Titouan et al.
(2019) in equation 1 as the domain discrepancy, measuring the graph distance in terms of both node attributes
X and node connectivity A . We make several assumptions following previous works on graph DA Zhu et al.
(2021); Bao et al. (2024) and GDA Kumar et al. (2020); Wang et al. (2022).
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Assumption 1 (General regularity assumptions). We make several regularity assumptions

A: (Lipschitz continuity of graph convolution). We assume there existsCc > 0 such that for any nodes
u 2 V0; v 2 V1 we have

kgcn(G0)u � gcn(G 1)v kX � C c � dW (N G0(u); N G1(v)) ;

where dq
W (f(A 0(u; u0); X 0(u0))gu 02V 0 ; f(A 1(v; v0); X 1(v0))gv02V 1 )

= inf
� 2�(� 0 ;� 1 )

E(u 0;v 0)�� [�jA 0(u; u0) � A 1(v; v0)jq + (1 � �)kX 0(u0) � X 1(v0)kq
X ] :

B: (Lipschitz continuity of linear layer). We assume there existsClin > 0 such that for any weight matrices
W in linear layers Linear(x) = W x + b we have kW k � C lin .

Both assumptions ensure the generalization capability and stability of the GNN model. Speci�cally, As-
sumption Assumption A enforces smoothness with respect to graph topology: nodes with similar local
neighborhoods must yield similar embeddings. Assumption Assumption B requires model parameters to be
�nite, a standard condition satis�ed by regularization.

Assumption 2 (Task-speci�c regularity assumptions). We make the following regularity assumptions for
di�erent graph learning tasks

C: (Lipschitz continuity of loss functions). We suppose there existsCfn > 0 for any node-level GNNsf n i ,
Cfe > 0 for any edge-level GNNs fei , and Cfg for any graph-level GNNs fgi , such that

j� n (f n 0 (G)u ) � � n (f n 1 (G)u )j � C fn � kf n 0 (N G(u)) � f n 1 (N G(u))k Yn ; (3)

j� e(f e0

�
G)(u;u 0)

�
� � e

�
f e1 (G)(u;u 0)

�
j � C fe � kf e0 (G)(u;u 0) � f e1 (G)(u;u 0) kYe ; (4)

j� g(f g0 ; G) � � g(f g1 ; G)j � C fg � kf g0 (G) � f g1 (G)kYg : (5)

D: (Hölder continuity of loss functions).

We suppose there existsCW n > 0 for any nodesu 2 V0; v 2 V1; CW e > 0 for any edges (u; u0) 2
G0; (v; v0) 2 G1; CW n > 0 for any graphs G1; G2, and q > 1, such that

j� n (f n (G0)u ) � � n (f n (G1)v )j � C W n � kf n (G0)u � f n (G1)v kq
Yn

; (6)

j� e(f e
�
G0)(u;u 0)

�
� � e

�
f e(G1)(v;v 0)

�
j � C W e � kf e(G0)(u;u 0) � f e(G1)(v;v 0) k

q
Ye

; (7)

j� g(f g; G0) � � g(f g; G1)j � C W g � kf g(G0) � f g(G1)kq
Yg

: (8)

E: (Lipschitz continuity of aggregation function). We suppose there existsC� > 0 such that for any edges
(u; u0) 2 G0; (v; v0) 2 G1, we have

k�(f n (G0)u ; f n (G0)u 0)��(f n (G1)v ; f n (G1)v0)kYe � C � �(kf n (G0)u �f n (G1)v kX +kf n (G0)u 0 �f n (G1)v0kX ):
(9)

F: (Lipschitz continuity of pooling function). We suppose there existsCr > 0 such that for any graphs
G1; G2 and coupling �, we have

kr (f n (G0)) � r (f n (G1)) kYg � C r � E(u;v)�� kf n (G0)u � f n (G1)v kX : (10)

Assumption C and Assumption D enforce the smoothness of the loss function with respect to model predictions.
Assumption C posits that similar predictions from di�erent models result in similar losses. Assumption D
complements this by ensuring that for a �xed model, similar input embeddings lead to similar losses. These
conditions are mild and satis�ed by standard surrogate losses (e.g., MSE, Cross-Entropy) on bounded domains.

Assumption E and Assumption F guarantee that readout operations preserve embedding proximity. As-
sumption Assumption E ensures edge-level aggregation remains stable under small perturbations in node
embeddings. Similarly, Assumption Assumption F requires the graph pooling functionr to preserve local
smoothness, ensuring that graphs with aligned node embeddings map to similar graph-level representations.
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4.3 Error Bound

Under Assumption 1, we analyze the error bound of graph GDA. We �rst show that any L-layer GNN is

Hölder continuous w.r.t. the �-FGW distance, where � =
� (1�(C c C lin (1��)) L )

�+(1��) L (C c C lin )L�1 (1�C c C lin ) .

Lemma 1 (Hölder continuity). For any L-layer node-level GNN f n = 
 1
l=L g(l) , edge-level GNNf e =

� � 
 1
l=L g(l) , and graph-level GNNf g = r � 
 1

l=L g(l) , where 
 1
l=L g(l) = g(L) � � � � � g (1) and g(i) are GNN

layers in equation 2. Given a source graph G0 and a target graph G1, we have:

j�(f; G 0)) � �(f; G 1)j � C � d q
FGW;q;� (G0; G1);

where

� =
�

�
1 � (C cClin (1 � �)) L

�

� + (1 � �) L (CcClin )L�1 (1 � C cClin )

Cgnn = C cClin
� + (1 � �)(C cClin (1 � �)) L�1 � (C cClin (1 � �)) L

1 � C cClin (1 � �)

C =

8
><

>:

CW n Cgnn ; for node-level tasks

2CW e C� Cgnn ; for edge-level tasks

CW g Cr Cgnn ; for graph-level tasks

The proof can be found in Appendix A. Intuitively, the upper bound of the performance gap between source
loss � (f; G0) and target loss � (f; G1) is proportional to the FGW distance between the source graphG0 and
target graph G1. Therefore, GNNs could su�er from signi�cant performance degradation under large shifts.

To alleviate the e�ects of large shifts, we investigate the e�ectiveness of applying GDA on graphs, and derive
an error bound shown in Theorem 1.

Theorem 1 (Error bound). Let f 0 denote the source model trained on the source graphH 0 = G0. Suppose
there are T � 1 intermediate stages where in thet-th stage (for t = 1 ; 2; :::; T), we adapt f t�1 to graph H t to
obtain an adaptedf t . If every adaptation step achieveskf t�1 (H t ) � f t (H t )kY � � on the corresponding graph
H t , then the �nal error �(f T ; H T ) on target graph HT = G1 is upper bounded by

�(f T ; G1) � �(f 0; G0) + C f � �T + C �
TX

t=1

dq
FGW;q;� (H t�1 ; H t ):

where Cf = C fn for node-level task, Cf = C fe for edge-level tasks, and Cf = C fg for graph-level tasks.

The proof can be found in Appendix A. In general, the upper bound of the target GNN loss� (f T ; G1) is
determined by three terms, including (1) source GNN loss� (f 0; G0), (2) the accumulated training error T � ,
and (3) the generalization error measured by length of the path

P T
t=1 dq

FGW (H t�1 ; H t ). In the following
subsection, we will analyze which path best bene�ts the graph GDA process.

4.4 Optimal Path

Motivated by Theorem 1, we derive the optimal path that minimizes the error bound in Theorem 2.

Theorem 2 (Optimal path). Given a source graph G0 and a target graphG1, let 
 : [0; 1] ! G=� be an FGW
geodesic connectingG0 and G1. Then the error bound in Theorem 1 attains its minimum when intermediate
graphs are Ht = 
( t

T ); 8t = 0; 1; :::; T , where we have:

�(f T ; G1) � �(f 0; G0) + C f � �T +
C � dq

FGW;q;� (G0; G1)

Tq�1 :

The proof can be found in Appendix A. In general, the key idea is to minimize the path length, whose
minimum is achieved by the FGW geodesic between source and target. As a remark, the optimal numberT
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of intermediate steps can be obtained by

T �
�

(q � 1)C
Cf � �

� 1
q

dFGW;q;� (G0; G1): (11)

Intuitively, the number of stages T balances the accumulated training error (the second term on the RHS)
and the generalization error (the third term on the RHS). Following Lemma 1, when CW n ; CW e ; CW g are
small, model is robust to domain shifts and the error bound is dominated by the accumulated training error,
thus, we expect a smallerT for better performance. On the other hand, whenCW n ; CW e ; CW g are large,
model is vulnerable to domain shifts and the error bound is dominated by the generalization error, thus, we
expect a larger T to reduce domain shifts, hence achieving better performance.

5 Methodology

In this section, we present our proposed Gadget to perform graph GDA on the FGW geodesics. As
self-training is highly vulnerable to noisy pseudo labels, we �rst propose an entropy-based con�dence to
denoise the noisy labels. Motivated by the theoretical foundation, we introduce a practical algorithm to
generate intermediate graphs, which as we prove, reside on the approximated FGW geodesic to best facilitate
the graph GDA process.

Motivated by Theorem 2, we generate the FGW geodesic as the optimal path for graph GDA. Previous
work Zeng et al. (2024c) generates graphs on the Gromov-Wasserstein geodesic purely based on graph
structure via mixup. We generalize such idea to the FGW geodesics to consider both graph structure and
node features.

Speci�cally, given source graphG0 = ( V0; A 0; X 0), target graph G1 = ( V1; A 1; X 1), and their probability
distributions � 0; � 1, two transformation matrices P0; P1 are employed to transform them into well-aligned
pairs ~G0 = ( ~V0; ~A 0; ~X 0); ~G1 = ( ~V1; ~A 1; ~X 1) with probability distributions ~� 0; ~� 1 as follows Zeng et al. (2024c)

~A 0 = P T
0 A 0P0; ~X 0 = P T

0 X 0; ~� 0 = P T
0 � 0;

~A 1 = P T
1 A 1P1; ~X 1 = P T

1 X 1; ~� 1 = P T
1 � 1;

where P0 = I jV 0 j 
 1 1�jV 1 j ; P1 = 1 1�jV 0 j 
 I jV 1 j :

(12)

Afterwards, the intermediate graphs Ht are the interpolations of the well-aligned pairs, that is

H t :=
�

V0 
 V 1;
�

1�
t
T

�
~A 0+

t
T

~A 1;
�

1�
t
T

�
~X 0+

t
T

~X 1

�
: (13)

With the above transformations, we prove that the intermediate graphs generated by equation 13 are on the
FGW geodesics in the following theorem.

Theorem 3 (FGW geodesic). Given a source graph G0 and a target graphG1, the transformed graphs ~G0; ~G1

are in the FGW equivalent class ofG0; G1, i.e., JG0K= J~G0K; JG1K= J~G1K. Besides that, the intermediate
graphs Ht ; 8t = 0; 1; :::; T , generated by equation 13 are on an FGW geodesic connecting G0 and G1.

According to Theorems 2 and 3, directly applying the generated Ht best bene�ts the graph GDA process.

However, practically, the transformations in equation 12 involve computation in the product space, posing
great challenges to the scalability to large-scale graphs. For faster computation, we employ an e�cient
low-rank OT algorithm adapted from Zeng et al. (2024c) to generate intermediate graphs on the FGW
geodesics. Speci�cally, via a change of variableQ0 = P0diag(g); Q1 = P1diag(g), the transformation matrices
P0; P1 can be obtained by solving the following low-rank OT problem

arg minQ 0 ;Q 1 ;g (" G0 ;G1 (Q T
0diag(1=g)Q1))

1
2 ;

s.t. Q0 2 �(� 1; g); Q 1 2 �(� 2; g); g 2 � r ;
(14)

where r is the rank of the low-rank OT problem. When r = jV1jjV2j, the optimal solution to equation 14
provides the optimal transformation matrices P0; P1. By reducing the rank of g from jV1jjV2j to a smaller
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rank r , the low-rank OT problem can be e�ciently solved via a mirror descent scheme by iteratively solving
the following problem Scetbon et al. (2022); Zeng et al. (2024c):

�
Q (t+1)

0 ; Q (t+1)
1 ; g(t+1)

�
=arg min

Q 0 ;Q 1 ;g
KL

�
(Q 1; Q2; g); (K (t)

1 ; K (t)
2 ; K (t)

3 )
�

;

s.t. Q0 2 �(� 0; g); Q 1 2 �(� 1; g); g 2 � r ;

where

8
>>>>>>><

>>>>>>>:

K (t)
1 =exp

�

B (t) Q (t)

1 diag(1=g(t) )
�

� Q (t)
0 ;

K (t)
2 =exp

�

B (t) T

Q (t)
0 diag(1=g(t) )

�
� Q (t) T

1 ;

K (t)
3 =exp

�
�
diag

�
Q (t) T

0 B (t) Q (t)
1

�
=g(t) 2

�
� g (t) ;

B (t) =��M +4(1 � �)A 0Q (t)
0 diag(1=g(t) )Q (t) T

1 A 1:

Remark. Our path generation algorithm is adapted from Zeng et al. (2024c) but bears subtle di�erence. First
(space), the Gromov-Wasserstein (GW) space in Zeng et al. (2024c) only captures graph structure information,
but the FGW space considers both node attributes and graph structure information. Secondly (task), Zeng
et al. (2024c) utilizes the GW geodesics to mixup graphs and their labels for graph-level classi�cation, while
Gadget utilizes the FGW geodesic to generate label-free graphs for node-level classi�cation. Thirdly (label),
Zeng et al. (2024c) utilizes the linear interpolation of graph labels as the pseudo-labels for mixup graphs,
requiring information from both ends of the geodesic which is inapplicable for graph GDA, while Gadget
utilizes self-training to label the intermediate graphs, relying solely on source information.

Self-training paradigm. Self-training is a predominant paradigm for GDA Kumar et al. (2020); Wang
et al. (2022), but is known to be vulnerable to noisy pseudo labels Chen et al. (2022a). Such vulnerability
may be further exacerbated for GNN models as the noise can propagate Wang et al. (2024); Liu et al. (2022).
To alleviate this issue, we utilize an entropy-based con�dence to depict the reliability of the pseduo-labels.
Given a model output by i 2 RC , where C is the number of classes, the con�dence scoreconf( by i ) is calculated
by

conf(by i ) :=
maxj ent( by j ) � ent( by i )

maxj ent( by j ) � min j ent( by j )
; (15)

where ent(�) calculates the entropy of the model prediction. Intuitively, for reliable model outputs, we expect
low entropy values and a high con�dence scores, and vice versa.

Error bound under approximation. Note that the error bound in Theorem 1 applies for the ideal case
where intermediate graphsH t are on the exact FGW geodesics. The practical algorithm adopts low-rank
formulation which may introduce approximation error. We provide the following theorem to quantify the
e�ect of low-rank approximation errors in practical algorithm.

Theorem 4 (Practical error bound). For a sequence of intermediate graphs ~H0; : : : ; ~HT on the approximated
FGW geodesics generated by Gadget, performing GDA along the path yield a �nal error � (f T ; H T ) on target
graph HT = G1 upper bounded by

�(f T ; G1) � Original bound + 4C� approx

TX

t=1

dFGW (H t ; H t+1 ) + 4CT � 2
approx

where original bound is the upper bound on the exact geodesics provided in Theorem 1, and� approx =
maxt dFGW (H t ; ~H t ) is the maximum approximation error between exact geodesic graphH t and low-rank
approximated graph ~H t .

The proof of Theorem 4 is provided in Appendix A. As detailed in the Appendix, when rank r ! jV 1jjV2j,
i.e., full rank, the approximation error � approx ! 0, yielding the original upper bound in Theorem 1.
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6 Experiments

We conduct extensive experiments to evaluate the proposed Gadget. We �rst introduce experiment setup
in Section 6.1. Then, we provide the visualization of graph GDA to assess the necessity of incorporating
GDA for graphs in Section 6.3. Afterwards, we evaluate Gadget's e�ectiveness on benchmark datasets in
Section 6.2. We further conduct extensive studies on the varying shift levels (Section 6.4), hyperparameter
sensitivity (Section 6.5), and path quality (Section 6.6).

6.1 Experimental Setup

We conduct extensive experiments on node classi�cation using both synthetic and real-world datasets,
including Airport Ribeiro et al. (2017), Citation Tang et al. (2008), Social Li et al. (2015), and contextual
stochastic block model (CSBM) Deshpande et al. (2018). Airport dataset contains �ight information of
airports from Brazil, USA and Europe. Citation dataset includes academic networks from ACM and DBLP.
Social dataset includes two blog networks from BlogCatalog (Blog1) Flickr (Blog2). We also adopt the CSBM
model to generate various graph shifts, including attribute shifts with positively (Right) and negatively (Left)
shifted attributes, degree shift with High and Low average degrees, and homophily shifts with high (Homo)
and low (Hetero) homophilic scores in the source and target graphs. More details are in Appendix D.

We adopt two prominent GNN models, including GCN Kipf & Welling (2017) and APPNP Gasteiger et al.
(2018), as the backbone classi�er. Di�erent adaptation baselines can be utilized to adapt knowledge from
one graph to its consecutive graph along the path. Baseline adaptation methods include Empirical Risk
Minimization (ERM), MMD Gretton et al. (2012), CORAL Sun et al. (2016), AdaGCN Dai et al. (2022),
GRADE Wu et al. (2023) and StruRW Liu et al. (2023a).

During training, we have full access to source labels while having no knowledge on target la-
bels. Results are averaged over �ve runs to avoid randomness. Our code is available at
https://github.com/zhichenz98/Gadget-TMLR. More details are provided in Appendix D.

6.2 E�ectiveness Results

To evaluate the e�ectiveness of Gadget in handling large shifts, we carry out experiment on both real-world
and synthetic datasets, and the results are shown in Figure 2. In general, compared to direct adaptation
(colored bars w/o hatches), we observe consistent improvements on the performance of a variety of graph DA
methods and backbone GNNs on di�erent datasets when applying Gadget (hatched bars). Speci�cally, on
real-world datasets, Gadget achieves an average improvement of 6.77% on Airport, 3.58% on Social and
3.43% on Citation, compared to direct adaptation. On synthetic CSBM datasets, Gadget achieves more
signi�cant performance, improving various graph DA methods by 36.51% in average. More result statistics
are provided in Appendix C.1.

Besides, we note a small number of cases where direct adaptation performs better than Gadget. According
to Theorem 1, the target error depends on the source performance, the accumulated training error, and the
generalization error. When the shift is mild, the accumulated training error dominates the error bound, so
direct adaptation ( T = 1) is preferable. For extremely large shifts, bridging the gap would require many steps,
and the resulting linear growth of accumulated training error can outweigh the reduction of the generalization
term. Therefore, it is essential to choose an appropriateT that achieves a good balance between accumulated
training error and generalization error.

6.3 Understanding the Gradual Adaptation Process

To better understand the necessity and mechanism of graph GDA, we �rst visualize the embedding spaces of
the CSBM and Citation datasets trained under ERM. The results are shown in Figure 3, where di�erent
colors indicate di�erent classes and di�erent markers represent di�erent domains.

Firstly, it is shown that large shifts exist in both datasets, as the source (� ) and target samples (� ) are
scarcely overlapped. Besides that, direct adaptation often fails when facing large shifts. As shown in Figure 3,
for the CSBM dataset, though the well-trained source model correctly classi�es all source samples (�,�), all
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