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Abstract
This paper investigates the task of unsupervised graph domain

adaptation, which facilitates the transfer of knowledge from labeled

source graphs to unlabeled target graphs. Recent approaches usu-

ally utilize graph contrastive learning and pseudo-labeling to learn

from unlabeled target data, which could introduce potential biased

representations and supervision of target graphs resulting from

serious shifts across two domains. Towards this end, we propose

a novel framework named Diffusion-guided Unbiased Discrimina-

tive Learning (DisCo) for unsupervised graph domain adaptation.

The core of our DisCo is to leverage both feature disentanglement

and cross-domain diffusion signals to remove the potential biases

for target graphs. In particular, we first utilize adversarial feature

disentanglement to extract causal features that are orthogonal to

domain biases. More importantly, we retrieve the labels of cross-

domain source graphs to generate the conditions, which would

be utilized to optimize a diffusion model for label denoising. The

consistency between pseudo-labels and denoised labels is measured

to reduce the potential biases during domain alignment. Extensive

experiments on several real-world benchmarks demonstrate that

our proposed DisCo consistently outperforms competing state-of-

the-art baselines.
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1 Introduction
Graph Neural Networks (GNNs) have achieved remarkable suc-

cess and become the de facto approach for learning from graph-

structured data, including molecular structures [56, 70], biological

networks [41], social networks [6] and citation networks [42, 55].

As a fundamental GNN-based task, graph classification endeavors

to infer the characteristics of the entire graph and has attracted
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considerable interest in recent years [53, 71]. The core of thesemeth-

ods lies in the message-passing paradigm [8, 65], which enables

each node to iteratively aggregate information from its local neigh-

borhood. Through multiple layers of aggregation and a readout

operator, GNNs produce global graph representations, facilitating

subsequent classification objectives.

Despite certain progress made by these methods, they often rely

on the assumption that training and test graphs are drawn from

the same distribution. This assumption is frequently violated in

real-world scenarios, where graph data collected from different

domains may exhibit significant variations [29, 61]. Meanwhile,

the lack of labeled data in the target domain further exacerbates

the challenge, making fully supervised learning approaches infeasi-

ble [12, 44]. Unsupervised domain adaptation (UDA) has emerged

as a promising solution, aiming to leverage knowledge from a la-

beled source domain to facilitate effective task performance in an

unlabeled target domain [20, 35, 40].

Actually, there are several approaches that apply UDA to Eu-

clidean data (i.e., images) [59]. Among them, distance-based meth-

ods focus on minimizing statistical divergence, i.e., maximum mean

discrepancy [66] and Wasserstein distance [24], between the source

and target feature distributions to align two domains. Self-supervised

learning methods generate pseudo-labels to facilitate knowledge

transfer [14, 57]. Adversarial learning methods introduce a domain

discriminator and encourage the encoder to learn domain-invariant

features to confuse the discriminator [7, 28]. Drawing inspiration

from these advancements, recent efforts adopt the same paradigms

for graph structure data. Global alignment methods [3, 37, 67] ex-

plicitly minimize the distribution differences across the source and

target domains. More recent studies [31, 46] incorporate contrastive

and self-supervised learning to preserve the intrinsic topological

and semantic information of graphs during adaptation.

Despite the great success of these methods, the presence of noise

within target data, arising from domain shifts, poses two significant

challenges: ❶ Biased representation across domain. Unlike Euclidean
data, graph-structured inputs exhibit intricate relational depen-

dencies that often lead to entangled node representations where

task-relevant information is mixed with spurious, domain-specific

correlations [9, 27]. Such a bias in the learned representations pre-

vents the model from effectively capturing task-relevant factors and

thereby limits its transferability across domains. ❷ Limited and bi-
ased supervision in the target domain. In typical UDA scenarios, the

target domain lacks ground-truth labels, and the generated pseudo-

labels are often noisy and biased due to the presence of inherent

distribution shift across domains [19]. This unreliable supervision

not only misguides the model during training but also reinforces

incorrect domain alignment, leading to suboptimal discriminative

feature learning and domain adaptation performance.

Toward this end, we propose DisCo, aDIffusion-guided unbiaSed
disCriminative learning for unsupervised graph dOmain adapta-

tion, which facilitates unbiased feature and label learning by ex-

plicitly disentangling causal and spurious factors with adversarial

training and guides the learning of domain-invariant representa-

tions with diffusion signals. On the one hand, given the encoded

representation of the graph, we disentangle them into causal and

spurious parts through adversarial training, where causal features

are encouraged to be domain-invariant, while the spurious ones

retain label-irrelevant variations. On the other hand, based on the

generated pseudo-labels of the target domain, we reformulate the

unbiased adaptation process from a generative-mode perspective

and incorporate diffusion-guided label refinement for progressive

domain alignment.

We summarize the contributions of this paper as follows:

• New Perspective: We highlight the spurious representation bias

and label supervision bias in the target domain, proposing a

framework for unbiased graph domain adaptation.

• Novel Methodology: We introduce DisCo, which disentangles sta-

ble causal and spurious features and leverages a generative formu-

lation with diffusion-guided pseudo-label refinement for iterative

alignment.

• Extensive Experiments: We perform comprehensive experiments

to evaluate the efficacy of our DisCo. The empirical results con-

firm that the our framework consistently outperforms the base-

lines.

2 Related Work
2.1 Unsupervised Graph Domain Adaptation
Unsupervised graph domain adaptation (UGDA) focuses on leverag-

ing labeled source graphs to facilitate knowledge transfer to an unla-

beled target domain [61, 67, 72], yet remains a challenging task due

to the non-Euclidean nature of graph data. Prevailing approaches

fall into two main streams: (1) Global alignment approaches [3,

61, 63] that leverage adversarial learning to minimize domain dis-

crepancy but risk collapsing informative graph structures while

preserving spurious factors. (2) Self-training approaches [31, 46, 60]

which utilize pseudo-labels to provide supervision for the target do-

main, yet remain vulnerable to error propagation and confirmation

bias. For example, SPA [63] aligns domain graphs in eigenspaces for

inter-domain transferability. CoCo [67] leverages hierarchical graph

kernel to explore the topological structure in the target domain with

contrastive learning paradigm. MTDF [46] aligns representations

with a multi-teacher framework and bridges the domain shift with

generated data. However, a central challenge of these approaches

is that graph data are inherently entangled with spurious corre-

lations, which introduces representation bias, and the reliance on

pseudo-labels in the target domain, which further amplifies label

bias and leads to unstable adaptation performance. Therefore, in

this paper, we explicitly disentangle causal and spurious features

and introduce pseudo-label refinement for unbiased graph domain

adaptation.

2.2 Representation Disentanglement and
Causal Discovery

Representation disentanglement and causal discovery are funda-

mental to stable representation learning, grounded in causal in-

ference and invariance theory [39, 49]. Recent advances in graph

learning integrate causal principles with GNNs to disentangle spuri-

ous correlations from underlying graph structures for more robust

performance [2, 25, 27]. For example, RGCL [27] discovers salient

graph features to create rationale-aware augmentations for effective

contrastive learning. GIL [25] identifies invariant subgraphs and

infers latent environments from variant ones to learn generalizable
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graph representations. By leveraging representation disentangle-

ment, causal learning is facilitated to separate domain-invariant

causal factors from spurious correlations [18, 30, 69]. Inspired by

causal learning, our work incorporates disentanglement learning

with adversarial domain discrimination, fostering effective domain-

independent causal knowledge for graph domain adaptation.

2.3 Diffusion-guided Data Recalibration
Data recalibration is a primary strategy for learning with noisy

data, enhancing model robustness by progressively correcting mis-

labeled data or identifying clean samples [26, 52, 73]. For example,

DivideMix [26] separates clean and noisy data using a Gaussian

mixture model, while CC [73] relies on feature space centrality

and consistency. C2D [74] further improves upon DivideMix by

using self-supervised learning to enhance feature quality. A parallel

research stream involves guided diffusion models, which fall into

two groups. (1) Classifier guidance [4] leverages classifier gradients

to steer the diffusion model’s generation. (2) Classifier-free guid-

ance, in contrast, learns the conditional distribution directly during

training to improve generation quality [11, 16]. CARD [11], for

example, reframes regression or classification as a conditional task,

generating labels or target variables based on an image. Building on

this concept, LRA [1] generates pseudo-clean labels by retrieving

neighbor labels within a robust, pre-trained feature space. This

approach decouples the label correction signal from the main learn-

ing process, thereby mitigating confirmation bias. In our work,

we integrate this diffusion-guided label correction strategy into

the pseudo-label selection process to generate stable supervisory

signals for unbiased adaptation.

3 Preliminary
3.1 Problem Definition
We define a graph as G = {V, E}, with a node set V and an

edge set E. The topology of G is captured by an adjacency matrix

𝑨 ∈ R𝑁×𝑁
, with entries 𝑨𝑢𝑣 = 1 denoting an edge (𝑢, 𝑣) ∈ E,

and 0 otherwise. Additionally, the graph is characterized by a fea-

ture matrix 𝑿 ∈ R𝑁×𝑑
, containing 𝑑-dimensional feature vectors

𝑿𝑣 ∈ R𝑑 for each node 𝑣 ∈ V . We are given a labeled source

domain D𝑠𝑜 = {(G𝑠𝑜
𝑖
, 𝑦𝑠𝑜

𝑖
)}𝑁𝑠𝑜

𝑖=1
consisting of 𝑁𝑠𝑜 graphs G𝑠𝑜

𝑖
with

its corresponding label 𝑦𝑠𝑜
𝑖

and an unlabeled target domain D𝑡𝑎 =

{G𝑡𝑎
𝑖
}𝑁𝑡𝑎

𝑖=1
containing 𝑁𝑡𝑎 graphs without label. In our setting, both

D𝑠𝑜
and D𝑡𝑎

share an identical label space Y = {1, . . . ,𝐶′}, while
exhibiting distinct data distributions. The primary objective of un-

supervised graph domain adaptation is to accurately label the target

domain graphs using unbiased transferable knowledge from the

source domain.

3.2 Diffusion Models
Diffusionmodels, especially DenoisingDiffusion ProbabilisticModel

(DDPM) [15], represent a category of generative frameworks that

generate data by inverting a progressive noise addition step. Specif-

ically, for an input sample 𝒚0 drawn from distribution 𝑞(𝒚0), the
forward diffusion process injects Gaussian noise step-by-step via a

Markov chain over𝑇 steps, producing a sequence of latent variables

{𝒚𝑡 }𝑇𝑡=1
, which are governed by:

𝑞(𝒚𝑡 |𝒚𝑡−1) := N(𝒚𝑡 ;

√︁
1 − 𝛽𝑡𝒚𝑡−1, 𝛽𝑡 𝑰 ), (1)

where 𝛽𝑡 ∈ (0, 1) manages the noise level at step 𝑡 and the endpoint

of the process is set to 𝑝 (𝒚𝑇 ) := N(0, 𝐼 ). In practice, the forward

sampling process can be simplified by𝑞(𝒚𝑡 |𝒚0) := N(𝒚𝑡 ;

√
𝛼𝑡𝒚0, (1−

𝛼𝑡 )𝑰 )), where 𝛼𝑡 := 1 − 𝛽𝑡 and 𝛼𝑡 :=
∏𝑡

𝑖=1
𝛼𝑖 . The reverse denois-

ing process is learned via a parameterized model 𝑝𝜃 (𝒚𝑡−1 |𝒚𝑡 ) to
eliminate the added noise in the forward process:

𝑝𝜃 (𝒚𝑡−1 |𝒚𝑡 ) := N(𝝁𝜃 (𝒚𝒕 , 𝑡), Σ𝜃 (𝒚𝑡 , 𝑡)), (2)

where 𝝁𝜃 (𝒚𝑡 , 𝑡) := 1√
𝛼𝑡
(𝒚𝑡 − 𝛽𝑡√

1−𝛼𝑡
𝝐𝜃 ) is parameterized by a neural

network for the denoising function 𝝐𝜃 and Σ𝜃 (𝒚𝑡 , 𝑡) := ˜𝛽𝑡 𝑰 =
1−𝛼𝑡−1

1−𝛼𝑡 𝛽𝑡 𝑰 is often fixed. Therefore, the parameter 𝜃 can be trained

by the objective:

L𝜖 = E𝒚0∼𝑞 (𝒚0 ),𝝐∼N(0,𝑰 ),𝑡 | |𝝐 − 𝝐𝜃 (𝒚𝑡 , 𝑡) | |
2 . (3)

Note that given the condition 𝒄 , we can instead replace the 𝝐𝜃 (𝒚𝑡 , 𝑡)
with 𝝐𝜃 (𝒚𝑡 , 𝑡 |𝒄) for the denoising function.

4 Methodology
4.1 Framework Overview
In this paper, we introduce DisCo, which utilizes diffusion guid-

ance to facilitate unbiased discriminative learning in unsupervised

graph domain adaptation tasks. The core concept of our approach

is to alleviate the negative transfer knowledge effects arising from

spurious correlations and biased supervision in the target graph

domain. Given the labeled source domain and the unlabeled target

domain, we first employ a GNN-based encoder to extract informa-

tive representations from graph-structured data. Then, we perform

adversarial feature disentanglement to decompose the learned rep-

resentations into two complementary parts: causal components,

which capture domain-invariant semantics, and spurious compo-

nents, which preserve label-irrelevant variations. Building upon

this, we generate the pseudo-label for the target domain and pro-

pose a conditional diffusion model that iteratively refines the noisy

pseudo-labels for progressive domain alignment. Figure 1 illustrates

the overview of our proposed DisCo. More details are introduced

in the following sections.

4.2 GNN-based Encoder
Generalized graph representations are crucial for effective domain

adaptation. To extract transferable patterns across domains, we

utilize a GNN-based encoder to extract both the topological struc-

ture and semantic attributes of each graph. For the input graph of

source and target domain G∗
𝑖
= {V∗

𝑖
, E∗

𝑖
}, ∗ ∈ {𝑠𝑜, 𝑡𝑎}, the encoder

aggregates node features through message passing, which can be

defined as:

𝒉∗,(𝑙 )𝑣 = C∗,(𝑙 )
(
𝒉∗,(𝑙−1)
𝑣 ,A∗,(𝑙 )

({
𝒉∗,(𝑙−1)
𝑢

}
𝑢∈N(𝑣)

))
, (4)

where N(𝑣) is the neighbors of node 𝑣 . A(·) and C(·) denote the
aggregation and combination function at 𝑙-th layer. After 𝐿 layers

of message passing, we apply a global readout function to obtain

the graph-level representation 𝒛. Then, the graph prediction label
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Label Retrieval

𝒚𝟎
Labeled Source 

Data

Unlabeled 
Target Data

GNN Layers

Confident 
Sample

1

Pre-training

Causal Feature Spurious Feature

Source DomainTarget Domain

Domain Discriminator

Adversary

Discriminate

𝑯(𝒛𝒄)

𝑯(𝒛𝒄)

𝒒(𝒚𝒕|𝒚𝟎, 𝑯(𝒛
𝒄))

𝒑𝜽(𝒚𝒕−𝟏|𝒚𝒕, 𝑯(𝒛
𝒄))

Diffusion 
Model

Consistency 
Calculation Top-k Selection

Denoised Label

Pseudo Label

Adaptation

(a) Feature Extractor (b) Feature Denoising (c) Label Denoising

Figure 1: An overview of our DisCo. (1) A GNN-based encoder to extract informative information. (2) An adversarial feature
disentanglement module to capture unbiased causal factors. (3) A diffusion-guided label denoising module to refine the noisy
pseudo-labels.

is output through a multi-layer perceptron (MLP) classifier 𝐻 (·),
which can be calculated as:

𝒛∗𝑖 = READOUT

({
𝒉∗,(𝐿)𝑣

}
𝑣∈V𝑖

)
, 𝒚̂∗𝑖 = 𝐻 (𝒛∗𝑖 ) . (5)

The model can be trained on the source domain graphs:

L𝑠𝑜 = − 1

D𝑠𝑜

∑︁
G𝑠𝑜
𝑖
∈D𝑠𝑜

log(𝒚̂𝑠𝑜𝑖 [𝑦
𝑠𝑜
𝑖 ]). (6)

4.3 Adversarial Feature Disentanglement for
Unbiased Causal Discovery

To enable stable domain adaptation, we perform feature disentan-

glement based on the constructed causal graph, which uncovers

domain-invariant causal factors and isolates domain-specific spuri-

ous signals for unbiased [32, 40].

Causal Graph Construction. As illustrated in Figure 2, we

formalize dependencies between variables as a Structure Causal

Model (SCM) [32, 38].

• 𝐶 → G ← 𝑆 . The observed graph data G is generated by both

causal variables 𝐶 and spurious variables 𝑆 .

• 𝑌 ← 𝐶 → 𝑃𝑌 . The pseudo-label 𝑃𝑌 from the target domain and

the true label 𝑌 from the source domain are determined by the

domain-invariant causal variable 𝐶 .

• D𝑠𝑜 → 𝑆 ← D𝑡𝑎
. The spurious variable 𝑆 are shaped by domain-

specific factors.

The dashed arrow between𝐶 and 𝑆 denotes the spurious correlation,

which provides a backdoor path 𝑆 ← 𝐶 → 𝑌 , making 𝑆 and 𝑌

spuriously correlated.

Adversarial Feature Disentanglement for Unbiased Repre-
sentations. Following the principle of causal theory [32, 62], a vari-
able𝑌 in an SCM has directed edges from its parent variables 𝑃𝐴(𝑌 )
to 𝑌 , if and only if there is a causal mechanism 𝑌 = 𝐻 (𝑃𝐴(𝑌 ), 𝜖𝑌 ),
where 𝜖𝑌 |= 𝑃𝐴(𝑌 ) is the exogenous noise of 𝑌 , represented as:

𝑌 = 𝐻 (𝐶), 𝑌 |= 𝑆 |𝐶, (7)

Spurious Variable

True Label Pseudo Label

Suppressed 

Dependencies

Source Domain Target Domain

Graph

Causal Variable

𝒀: True Label

𝑷𝒀: Pseudo Label

𝓓𝒕𝒂: Target Domain

𝓓𝒔𝒐: Source Domain

𝓖: Graph Data

𝑪: Causal Variable

𝑺: Spurious Variable

Figure 2: Causal graph for UGDA. Our objective is to train
a model capable of disregarding the spurious variables 𝑆

learned from the source domain D𝑠𝑜 . It is designed to focus
on distilling the causal variables𝐶 that constitute the domain-
invariant attributes. By leveraging the observed graph data
G, the model can ultimately achieve accurate classification
within a novel target domain D𝑡𝑎 .

where 𝑌 |= 𝑆 |𝐶 indicates that 𝐶 shields effect of 𝑆 on 𝑌 . In our

framework, we suppress dependencies between𝐶 and 𝑆 to eliminate

the unintended association between the spurious features 𝑆 and the

label 𝑌 (or pseudo-label 𝑃𝑌 ) for the stable adaptation. The objective

can be formulated as:

max 𝐼 (𝑍𝑠
;D∗)︸      ︷︷      ︸

Domain Specific

− 𝐼 (𝑍𝑐
;D∗)︸      ︷︷      ︸

Domain Invariant

− 𝛽𝐼 (𝑍𝑠
;𝑍𝑐 )︸       ︷︷       ︸

Feature Disentanglement

, (8)

where 𝐼 (·, ·) denotes the mutual information between two variables

and ∗ ∈ {𝑠𝑜, 𝑡𝑎}. In practice, we employ a domain discriminator

𝑇 (·) with parameter𝜓 to identify the domain origin of the extracted

features:

L∗𝐴𝐿 =−
𝑁𝑠𝑜+𝑁𝑡𝑎∑︁

𝑖=1

[𝑑𝑖 log𝑇 (𝒛∗𝑖 )+(1−𝑑𝑖 ) log(1−𝑇 (𝒛∗𝑖 ))], (9)
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where 𝑑𝑖 denotes the domain label for the graph G𝑖 , namely 𝑑𝑖 = 1

when 𝒛𝑖 from the source domain, otherwise 𝑑𝑖 = 0. For ∗ ∈ {𝑠, 𝑐},
the first two terms of the objective can be:{

min𝜓 L𝑠
𝐴𝐿
+ L𝑐

𝐴𝐿
,

max𝜙 L𝑐
𝐴𝐿

,
(10)

where𝜙 denotes other parameters of the framework besides𝜓 . Since

distance correlation is able to characterize the dependence between

two variables, we here formalize the last term of the objective as:

L𝑖𝑛𝑑 = 𝑑𝐶𝑜𝑟 (𝒁𝑐 ,𝒁𝑠 )

𝑑𝐶𝑜𝑟 (𝒁𝑐 ,𝒁𝑠 ) = 𝑑𝐶𝑜𝑣 (𝒁𝑐 ,𝒁𝑠 )√︁
𝑑𝑉𝑎𝑟 (𝒁𝑐 ) · 𝑑𝑉𝑎𝑟 (𝒁𝑠 )

,
(11)

where 𝒁∗ = [𝒛∗
1
, . . . , 𝒛∗|D𝑠𝑜 |+|D𝑡𝑎 | ], ∗ ∈ {𝑠, 𝑐} denotes the packed

causal and spurious feature matrix. 𝑑𝑉𝑎𝑟 (·) and 𝑑𝐶𝑜𝑣 (·) denote
the matrix variance of each matrix and the distance covariance

between two matrices [51].

4.4 Diffusion-guided Learning Denoising with
Cross-domain Retrieval

Since the target domain always suffers from label scarcity, we in-

troduce an unbiased discrimination learning mechanism, which

generates corresponding pseudo-labels for the target domain graphs

and develops a retrieval-augmented diffusion model for progressive

label denoising [1, 17, 23].

Cross-domain Retrieval Label Conditioning Generation.
We combat the paucity of labels in target domain graphs by assign-

ing pseudo-labels based on the identified causal features:

𝒚𝑡𝑎𝑖 = 𝐻 (𝒛𝑐𝑖 ), G
𝑡𝑎
𝑖 ∈ D

𝑡𝑎 . (12)

Then we assume that graph samples with different classes always

form distinct clusters and encourage the neighbor consistency of the

generated pseudo-labels. Specifically, we calculate the distance be-

tween the identified causal features from the target domain graphs

and retrieve the pseudo-labels of 𝑘-nearest neighbors in source

domain graphs as conditioning. This process can be formulated as:

𝑟𝑘 (𝒛𝑐𝑖 ) := inf{𝑟 : |B(𝒛𝑐𝑖 , 𝑟 ) ∩ D
𝑠𝑜 | ≥ 𝑘},

B(𝒛𝑐𝑖 , 𝑟 ) := {(𝒛𝑐𝑗 ,𝒚
𝑠𝑜
𝑗 ) ∈ D

𝑠𝑜
: Dis(𝒛𝑐𝑖 , 𝒛

𝑐
𝑗 ) ≤ 𝑟 }, (13)

where Dis(·, ·) denotes the distance function between two feature

embeddings and 𝑟𝑘 (𝒛𝑐𝑖 ) is the radius for the retrieved neighbors.

The retrieved pseudo-labels can be:

C𝑘 (𝒛𝑐𝑖 ) := B(𝒛𝑐𝑖 , 𝑟𝑘 (𝒛
𝑐
𝑖 )) ∩ D

𝑠𝑜 . (14)

We sample label 𝒚̂𝑡𝑎
𝑗

from the 𝒚𝑡𝑎
𝑖
∪ {𝒚𝑐

𝑗
|𝒚𝑐

𝑗
∈ C𝑘 (𝒛𝑐𝑖 )} and convert

it to the one-hot vector 𝒚0 as the conditioning label.

Diffusion-guided Learning Denoising for Domain Align-
ment. Since the generated pseudo-labels are often noisy and over-

confident, we develop an unbiased discrimination learning mecha-

nism, which treats the label denoising as a stochastic process of con-

ditional label generation. Different from the vanilla diffusion model,

we assume the endpoint distribution as 𝑝 (𝒚𝑇 |𝒛𝑐 ) = N(𝐻 (𝒛𝑐 ), 𝑰 ).
Therefore, the conditional distribution in the forward process is:

𝑞(𝒚𝑡 |𝒚𝑡−1, 𝐻 (𝒛𝑐 )) := N(𝒚𝑡 ;

√︁
1 − 𝛽𝑡𝒚𝑡−1+

(1 −
√︁

1 − 𝛽𝑡 )𝐻 (𝒛𝑐 ), 𝛽𝑡 𝑰 ) .
(15)

The forward sampling for an arbitrary step 𝑡 can then be:

𝑞(𝒚𝑡 |𝒚0, 𝐻 (𝒛𝑐 )) := N(𝒚𝑡 ;

√
𝛼𝑡𝒚0+

(1 −
√
𝛼𝑡 )𝐻 (𝒛𝑐 ), (1 − 𝛼𝑡 )𝑰 )) .

(16)

Thus, we can parameterize the reverse transition step:

𝑝𝜃 (𝒚𝑡−1 |𝒚𝑡 , 𝐻 (𝒛𝑐 )) :=N(𝝁𝜃 (𝒚𝑡 , 𝐻 (𝒛𝑐 ), 𝑡), ˜𝛽𝑡 𝑰 ), (17)

where the mean term is constructed as 𝝁𝜃 (𝒚𝑡 , 𝐻 (𝒛𝑐 ), 𝑡) := 1√
𝛼𝑡
(𝒚𝑡 −

𝛽𝑡√
1−𝛼𝑡

𝝐𝜃 (𝒚𝑡 , 𝐻 (𝒛𝑐 ), 𝑡)). The objective can be:

L𝜖 = E𝒚0∼𝑞 (𝒚0 ),𝝐∼N(0,𝑰 ),𝑡 | |𝝐 − 𝝐𝜃 (𝒚𝑡 , 𝐻 (𝒛
𝑐 ), 𝑡) | |2 . (18)

Note that with the trained diffusion model, we can predict the

debiased label of G𝑡𝑎
𝑖
∈ D𝑡𝑎

with much fewer steps 𝑡 ′ following
the pre-defined sampling trajectory:

𝒚̃𝑡𝑎𝑖 := 𝒚̃0 =
1

√
𝛼𝑡 ′
[𝒚𝜏 − (1 −

√
𝛼𝑡 ′ )𝐻 (𝒛𝑐𝑖 )−√︁

1 − 𝛼𝑡 ′𝝐𝜃 (𝒚𝑡 ′ , 𝐻 (𝒛𝑐𝑖 ), 𝜏)],
(19)

where𝒚𝑡 ′ is computed in the forward diffusion process. We leverage

the consistency between pseudo-labels and their denoised labels to

select the confident clean samples, which are subsequently trained

for progressive domain alignment:

L𝑡𝑎 = − 1

D𝑡𝑎

∑︁
G𝑡𝑎
𝑖
∈D𝑡𝑎

1(𝑆 (𝒚𝑡𝑎𝑖 , 𝒚̃𝑡𝑎𝑖 ) > 𝜉) log(𝒚̃𝑡𝑎𝑖 [𝑦
𝑡𝑎
𝑖 ]), (20)

where 𝑆 (𝑎, 𝑏) = 𝐶𝐸 (𝑎, 𝑏) +𝐶𝐸 (𝑏, 𝑎) denotes the symmetric cross-

entropy [54, 68] between two predictions. 𝜉 is the threshold as the

value at the 𝜏𝑡ℎ percentile.

4.5 Overall Optimization
In summary, the final loss objective of the proposed DisCo can be

defined as follows:

L = L𝑠𝑜 + 𝛼 (L𝑠
𝐴𝐿 − L

𝑐
𝐴𝐿) + 𝛽L𝑖𝑛𝑑 + 𝛾L𝑡𝑎 . (21)

The overall optimization process can be formulated as:{
min𝜓 L𝑠

𝐴𝐿
+ L𝑐

𝐴𝐿
,

min𝜙 L .
(22)

In our implementation, we first train the diffusion model on the

source domain and leverage the inference output of the model as de-

biased labels of target domain graphs. Then, the final framework of

the adaptation is optimized in an alternative manner for progressive

domain alignment.

5 Theoretical Analysis from a Causal Discovery
Perspective

In this section, we present a theoretical analysis of our proposed

method, DisCo, from the perspective of causal discovery. This analy-

sis justifies the use of mutual information, as defined in Equation (8),

to effectively disentangle causal and spurious features.

We assume that the true featurematrix is given by 𝑬∗ = [𝑬𝑐 , 𝑬𝑠 ] ∈
R𝑑 , where 𝑬𝑐 ∈ R𝑑𝑐 and 𝑬𝑠 ∈ R𝑑𝑠 represent the causal and spuri-

ous features, respectively. For simplicity, we assume that 𝑬∗ follows
a standard multivariate Gaussian distribution, i.e.,

𝑬∗ ∼ N(0, 𝑰 ), (23)
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where 𝑰 denotes the identity matrix.

However, the observed feature matrix is a transformed version

of the true features:

𝑿 = 𝑻𝑬∗, (24)

where 𝑻 is an orthogonal transformation matrix. We model the

domain-specific factors as

D∗ = 𝑩𝑬𝑠 , (25)

where 𝑩 is a transformation matrix satisfying 𝑩𝑩⊤ = 𝑰 . Our goal
is to find an orthogonal transformation 𝑭 such that the rotated

representation

𝒁 = 𝑭𝑿 = 𝑭𝑻𝑬∗ = [𝒁𝑐 ,𝒁𝑠 ] (26)

correctly disentangles the causal and spurious components.

Theorem 1. The solution to the optimization problem in Equa-
tion (8) is given by

𝒁𝑐 = 𝑬𝑐 , 𝒁𝑠 = 𝑩𝑬𝑠 . (27)

Theorem 1 demonstrates that the optimal solution corresponds

exactly to the ground-truth causal and spurious features. This result

highlights the effectiveness of our proposed method in achieving

feature disentanglement through the mutual information objective.

To prove Theorem 1, we first present several standard lemmas

that establish fundamental properties of mutual information under

the Gaussian assumption.

Lemma 2 (Non-negativity of Mutual Information). Let 𝑋
and 𝑌 be two random variables with joint distribution 𝑝 (𝑥,𝑦) and
marginal distributions 𝑝 (𝑥) and 𝑝 (𝑦). The mutual information be-
tween 𝑋 and 𝑌 , defined as

𝐼 (𝑋 ;𝑌 ) =
∬

𝑝 (𝑥,𝑦) log

(
𝑝 (𝑥,𝑦)
𝑝 (𝑥)𝑝 (𝑦)

)
𝑑𝑥 𝑑𝑦, (28)

is always non-negative:

𝐼 (𝑋 ;𝑌 ) ≥ 0, (29)

with equality if and only if 𝑋 and 𝑌 are independent, i.e., 𝑝 (𝑥,𝑦) =
𝑝 (𝑥)𝑝 (𝑦) almost everywhere.

Lemma 3 (Zero Mutual Information Implies Independence).

Let 𝑋 and 𝑌 be two random variables with joint distribution 𝑝 (𝑥,𝑦)
and marginals 𝑝 (𝑥), 𝑝 (𝑦). Then,

𝐼 (𝑋 ;𝑌 ) = 0 ⇐⇒ 𝑋 ⊥ 𝑌 . (30)

That is, 𝑋 and 𝑌 are statistically independent if and only if their
mutual information is zero.

Lemma 4 (Maximum Mutual Information). Let 𝑋 be a random
variable with entropy 𝐻 (𝑋 ). Then, for any random variable 𝑌 , the
mutual information satisfies:

𝐼 (𝑋 ;𝑌 ) ≤ 𝐻 (𝑋 ), (31)

with equality if and only if𝑌 is a deterministic and invertible function
of 𝑋 , i.e., 𝑌 = 𝑓 (𝑋 ) where 𝑓 is bijective.

The above lemmas are classical results in information theory

and can be found in textbooks; we omit their proofs for brevity.

Proof of Theorem 1. Recall the optimization problem defined

in Equation (8):

max

𝑭 ∈O(𝑑 )
𝐼 (𝒁𝑠

;D∗) − 𝐼 (𝒁𝑐
;D∗) − 𝛽𝐼 (𝒁𝑠

;𝒁𝑐 ). (32)

By Lemmas 2–4, all mutual information terms in the objective are

non-negative and bounded above by the entropy of the involved

variables.

The first term 𝐼 (𝒁𝑠
;D∗) is maximized when 𝒁𝑠

fully captures

the information in D∗, which is achieved when 𝒁𝑠 = 𝑩𝑬𝑠 .
The second term 𝐼 (𝒁𝑐

;D∗) is minimizedwhen𝒁𝑐
is independent

of D∗, which is satisfied when 𝒁𝑐 = 𝑬𝑐 , since 𝑬𝑐 ⊥ 𝑬𝑠 and D∗
depends only on 𝑬𝑠 .

Similarly, the third term 𝐼 (𝒁𝑠
;𝒁𝑐 ) is minimized when 𝒁𝑠

and 𝒁𝑐

are statistically independent, i.e., 𝐼 (𝒁𝑠
;𝒁𝑐 ) = 0, which also holds

under the choice 𝒁𝑠 = 𝑩𝑬𝑠 , 𝒁𝑐 = 𝑬𝑐 , due to the independence of

𝑬𝑠 and 𝑬𝑐 .
Therefore, the choice 𝒁𝑐 = 𝑬𝑐 , 𝒁𝑠 = 𝑩𝑬𝑠 simultaneously maxi-

mizes the first term and minimizes the latter two, thereby solving

the optimization problem in Equation (8). □

6 Experiments
6.1 Experimental Settings
6.1.1 Datasets. The efficacy of our method in unsupervised graph

domain adaptation is validated using two distinct experimental

paradigms: cross-dataset transfer and dataset split. For the cross-

dataset paradigm, we employ benchmarks including PTC [13],

BZR/BZR_MD [45], and COX2/COX2_MD [45], which are chosen

for their inherent impartiality across sub-domains. In the dataset

split setting, we follow prior works [5, 30, 67] to partition graphs

based on density, conducting experiments on TWITTER-Real-Graph-

Partial [36], NCI1 [50], and Mutagenicity [21].

6.1.2 Baselines. We compare DisCo against 13 baselines, which

can be categorized into four groups: (1) Graph neural networks,
including GCN [22], GraphSAGE [10], GIN [64] and GAT [48]. (2)
Semi-supervised graph methods, including InfoGraph [43] and

Mean-Teacher [47]. (3) Domain adaptation methods, includ-
ing ToAlign [58], DANN [7], DUA [33] and DARE-GRAM [34]. (4)
Graph adaptation methods, including CoCo [67], MTDF [46]

and SLOGAN [32].

6.1.3 Implementation Details. Building on the baselines, we adopt

accuracy (ACC) to evaluate the performance of our model. The

primary architecture is a two-layer GCN with a 128-dimensional

hidden state. Using the Adam optimizer with a learning rate set

to 0.001, the model is trained in the source domain for 100 epochs,

followed by 30 epochs for the adaptation of the target domain. The

diffusion model comprises a separate two-layer GCN encoder and a

four-layer noise predictor, optimized with a learning rate of 0.0001.

6.2 Performance Comparison
In this section, we conduct an extensive performance comparison

of DisCo against various baselines, with experimental results show-

cased across five benchmark datasets in Table 1, 2, 3, 4 and 5. We

highlight the following observations: ❶ Semi-supervised methods,

such as InfoGraph, tend to outperform standard GNNs. ❷ Classic
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Table 1: PTC classification results (%) for source→target tasks.

Methods MM→MR MR→MM MR→FR MR→FM MM→FM MM→FR MM→FM FR→MR FM→MM FR→MM FR→FM FM→FR Avg.

GIN 64.3 61.8 56.5 57.7 45.7 53.5 42.6 37.7 44.5 59.4 54.3 66.2 53.7

GCN 62.9 63.2 55.1 66.2 45.7 67.6 54.4 62.3 64.8 58.0 52.0 60.3 59.4

GAT 46.0 60.0 57.1 70.7 46.3 65.9 53.8 54.5 53.2 69.0 51.7 65.9 57.8

SAGE 55.1 58.8 56.5 67.6 47.4 66.2 48.2 48.1 45.1 58.0 52.6 63.2 55.6

MeanTeacher 61.4 61.8 60.9 73.2 52.9 50.7 44.1 65.2 35.1 66.7 42.9 55.9 55.9

InfoGraph 60.0 63.2 59.4 66.2 48.6 67.6 56.4 55.1 64.8 63.8 54.3 69.1 60.7

DANN 64.3 64.3 63.8 69.0 55.7 73.2 48.5 50.7 66.2 71.0 52.9 70.6 62.8

ToAlign 45.7 70.5 66.7 67.6 54.3 67.6 50.0 58.0 67.6 71.0 55.7 76.5 62.6

DUA 63.1 62.0 52.2 73.6 54.3 63.4 55.9 53.7 60.6 69.4 54.3 63.2 60.5

DARE-GRAM 54.3 61.8 53.6 73.3 55.7 66.2 54.1 56.4 59.4 69.6 55.7 66.2 60.5

CoCo 63.8 65.1 60.3 73.0 55.2 72.8 55.9 62.1 63.2 70.5 54.2 70.1 63.8

MTDF 64.8 65.9 61.2 76.9 56.0 73.9 56.8 62.6 69.0 71.1 56.0 71.6 65.5

SLOGAN 65.7 71.1 66.8 74.6 55.4 71.8 59.1 66.7 70.4 78.3 57.1 73.7 67.8

Ours 67.1 72.8 68.2 70.7 66.9 74.3 64.1 67.8 70.6 70.7 61.9 74.5 69.2

Table 2: NCI1 classification results (%) for source→target tasks, involving sub-datasets 𝑁𝐷0, 𝑁𝐷1, 𝑁𝐷2, and 𝑁𝐷3.

Methods 𝑁𝐷0→𝑁𝐷1 𝑁𝐷0→𝑁𝐷2 𝑁𝐷0→𝑁𝐷3 𝑁𝐷1→𝑁𝐷0 𝑁𝐷1→𝑁𝐷2 𝑁𝐷1→𝑁𝐷3 𝑁𝐷2→𝑁𝐷0 𝑁𝐷2→𝑁𝐷1 𝑁𝐷2→𝑁𝐷3 𝑁𝐷3→𝑁𝐷0 𝑁𝐷3→𝑁𝐷1 𝑁𝐷3→𝑁𝐷2 Avg.

GIN 66.0 60.6 50.3 68.0 68.4 69.9 61.0 65.6 73.1 48.3 59.4 62.9 62.8

GCN 55.8 59.1 54.0 73.3 65.0 70.7 73.5 60.7 70.2 67.8 54.5 55.1 63.3

GAT 63.4 60.0 41.7 70.1 68.2 70.1 73.2 63.1 69.3 56.6 56.3 60.5 62.7

SAGE 54.9 55.8 50.1 74.5 59.7 66.0 76.2 59.7 71.7 70.6 57.2 64.8 63.4

MeanTeacher 54.9 45.2 51.6 73.8 45.2 50.7 73.3 54.9 50.2 72.8 55.8 47.1 56.3

InfoGraph 66.5 61.0 57.6 62.7 64.6 64.1 75.7 62.6 67.1 69.9 60.7 50.2 63.6

DANN 64.1 58.7 45.6 76.2 69.8 63.6 71.3 70.9 70.0 70.4 58.3 67.5 65.5

ToAlign 65.5 61.7 47.1 73.3 69.9 59.7 71.4 69.9 69.9 68.0 59.2 63.1 64.9

DUA 69.9 60.7 58.5 71.3 69.9 68.4 67.5 68.0 70.9 56.1 50.5 66.5 64.9

DARE-GRAM 69.4 59.2 55.8 69.9 69.4 61.2 68.9 70.4 68.9 60.1 57.6 65.0 64.7

CoCo 70.9 64.0 68.7 70.0 68.5 71.2 75.1 61.2 72.8 74.6 59.6 56.4 67.7

MTDF 67.5 70.9 71.8 76.7 65.0 73.1 77.2 62.5 74.3 75.9 61.0 57.8 69.5

SLOGAN 71.4 64.1 63.1 71.8 72.3 72.8 76.7 72.5 73.3 76.3 61.7 70.9 70.6

Ours 72.1 66.9 66.2 79.2 75.8 74.2 77.9 73.0 74.6 76.4 63.2 71.4 72.6

Table 3: Mutagenicity classification results (%) for source→target tasks, involving sub-datasets 𝑀𝐷0,𝑀𝐷1,𝑀𝐷2, and𝑀𝐷3.

Methods 𝑀𝐷0→𝑀𝐷1 𝑀𝐷0→𝑀𝐷2 𝑀𝐷0→𝑀𝐷3 𝑀𝐷1→𝑀𝐷0 𝑀𝐷1→𝑀𝐷2 𝑀𝐷1→𝑀𝐷3 𝑀𝐷2→𝑀𝐷0 𝑀𝐷2→𝑀𝐷1 𝑀𝐷2→𝑀𝐷3 𝑀𝐷3→𝑀𝐷0 𝑀𝐷3→𝑀𝐷1 𝑀𝐷3→𝑀𝐷2 Avg.

GIN 72.3 64.1 56.6 68.5 67.4 55.9 72.1 74.4 62.8 61.1 67.3 73.0 66.3

GCN 71.1 62.7 57.7 70.4 68.8 53.6 69.0 74.2 65.8 59.6 63.3 74.5 65.9

GAT 70.8 63.2 56.4 67.8 69.3 55.7 70.6 73.2 64.1 58.3 65.2 71.4 65.5

SAGE 69.7 60.7 58.4 69.6 66.2 54.2 73.8 74.0 64.6 60.7 68.5 70.9 65.9

MeanTeacher 67.3 60.4 56.6 67.4 61.4 52.0 70.4 72.8 63.9 58.6 64.7 67.8 63.6

InfoGraph 73.5 64.8 59.5 71.7 68.2 58.7 70.4 76.2 63.4 63.5 67.8 72.1 67.5

DANN 72.6 67.5 61.0 70.8 71.5 58.4 71.8 75.2 64.4 64.0 68.2 71.4 68.1

ToAlign 74.0 69.1 54.7 72.7 71.7 58.7 65.2 77.2 61.5 73.1 73.1 62.2 67.8

DUA 70.2 64.0 53.6 56.5 57.7 65.1 63.7 76.0 57.9 68.5 59.8 67.7 63.4

DARE-GRAM 71.5 67.3 60.8 62.3 70.4 57.0 70.2 73.6 61.8 62.5 70.7 72.9 66.8

CoCo 77.7 73.3 66.6 76.6 77.3 67.4 74.5 80.8 68.9 74.3 74.1 77.5 74.1

MTDF 79.3 72.4 65.5 78.2 78.6 67.8 72.4 82.0 70.3 75.1 76.3 77.8 74.6

SLOGAN 81.2 74.0 67.3 76.2 79.1 68.2 74.7 83.6 70.8 75.3 76.9 78.2 75.5

Ours 82.6 75.5 69.4 76.8 80.1 69.1 76.4 85.7 72.5 72.8 79.2 79.1 76.6

domain adaptation methods like DANN exhibit exceptional per-

formance on specific tasks. However, their effectiveness can be

inconsistent across the full range of scenarios due to their inca-

pable to deal with graph-based data. ❸ Graph adaptation methods

(CoCo, MTDF, and SLOGAN) show better performance, under-

scoring the significance of explicitly addressing the domain shift

inherent in these graph classification tasks. ❹ Remarkably, DisCo
delivers consistent and substantial gains in both dataset splitting

and cross-dataset settings, verifying its efficacy and reliability. We

attribute this superior performance to the decoupling of causal and

spurious features, which effectively isolates domain-related biases.

Furthermore, the incorporation of diffusion-guided pseudo-label
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Table 4: TWITTER classification results (%) for source→target tasks, involving sub-datasets 𝑇𝐷0, 𝑇𝐷1, 𝑇𝐷2, and 𝑇𝐷3.

Methods 𝑇𝐷0→𝑇𝐷1 𝑇𝐷0→𝑇𝐷2 𝑇𝐷0→𝑇𝐷3 𝑇𝐷1→𝑇𝐷0 𝑇𝐷1→𝑇𝐷2 𝑇𝐷1→𝑇𝐷3 𝑇𝐷2→𝑇𝐷0 𝑇𝐷2→𝑇𝐷1 𝑇𝐷2→𝑇𝐷3 𝑇𝐷3→𝑇𝐷0 𝑇𝐷3→𝑇𝐷1 𝑇𝐷3→𝑇𝐷2 Avg.

GIN 59.7 62.8 60.4 64.2 62.2 61.3 61.7 63.2 61.0 62.3 61.8 62.4 61.9

GCN 62.0 62.9 59.7 64.1 63.4 59.8 64.2 62.8 60.5 62.7 61.4 62.7 62.2

GAT 60.6 63.2 60.0 63.1 61.6 59.8 63.5 61.6 59.5 63.4 62.1 63.7 61.9

SAGE 61.0 64.6 62.1 61.9 61.9 60.8 62.9 62.6 60.9 61.7 60.9 63.4 62.1

MeanTeacher 52.2 49.2 46.1 49.0 50.7 46.1 49.5 51.7 52.6 48.1 48.0 51.1 49.5

InfoGraph 63.9 65.1 61.6 65.6 65.0 59.2 64.3 60.8 63.3 62.4 63.3 63.2 63.2

DANN 58.4 60.0 58.0 59.0 59.4 57.4 57.7 58.1 58.4 58.2 57.9 60.4 58.6

ToAlign 58.6 59.5 55.5 57.7 58.1 56.1 56.3 57.2 57.8 57.7 57.6 60.2 57.7

DUA 64.2 64.8 62.1 65.8 56.0 62.0 65.3 63.6 60.8 64.2 63.4 64.7 63.1

DARE-GRAM 61.7 65.7 61.6 65.7 64.4 62.1 64.0 64.3 60.0 64.9 64.2 64.3 63.6

CoCo 64.5 66.1 62.1 64.0 64.6 61.6 64.5 63.5 62.1 62.8 62.5 63.5 63.5

MTDF 64.5 66.4 65.1 64.7 65.2 62.2 64.9 63.5 63.2 63.2 63.4 64.4 64.2

SLOGAN 65.1 66.5 62.3 66.2 65.4 62.4 66.6 64.4 62.2 65.8 64.4 65.1 64.7

Ours 63.8 66.3 63.5 66.7 66.2 62.8 66.8 65.0 62.9 66.2 64.1 66.0 65.1

denoising ensures the model benefits from more precise and refined

supervision signals.

Table 5: COX2 and BZR classification results (%) for
source→target tasks.

Methods B→BM BM→B C→CM CM→C Avg.

GIN 54.3 79.1 45.9 61.7 60.3

GCN 46.8 79.0 57.4 76.6 64.9

GAT 49.4 79.5 52.6 68.1 62.4

SAGE 48.1 65.4 58.5 59.2 57.8

MeanTeacher 54.8 76.5 49.2 76.7 64.3

InfoGraph 56.5 77.8 57.4 72.3 66.0

DANN 54.8 84.0 52.6 67.0 67.0

ToAlign 54.9 79.0 57.6 76.6 64.4

DUA 54.8 78.8 57.3 76.6 66.9

DARE-GRAM 53.2 79.0 52.9 77.1 65.6

CoCo 57.2 79.1 57.4 76.3 67.5

MTDF 58.1 79.8 59.0 77.0 68.5

SLOGAN 58.6 80.2 59.0 77.7 68.9

Ours 61.7 81.3 60.0 78.2 70.3

6.3 Scalability Analysis
This section evaluates the overall complexity of DisCo and subse-

quently discuss its scalability. Let 𝐿 be the number of GNN layers, 𝑑

be the hidden dimension, 𝑁𝑡𝑎 and 𝑁𝑠𝑜 be the number of graphs in

the target and source domains, and |𝑉𝑠𝑜 | and |𝑉𝑡𝑎 | be the average
number of nodes in the source and target domains. The compu-

tational consumption of our DisCo is mainly composed of three

parts: (1) pre-training phase in the source domain, (2) pre-training
and pseudo-labeling phases with diffusion-based label denoising

module, and (3) adaptation phase in the target domain. For (1),
the complexity of supervised pre-training of the GNN classifier

is 𝑂 (𝑁𝑠𝑜𝐿 |𝑉𝑠𝑜 |𝑑2). For (2), the complexity of the pre-training of

diffusion-based label denoising module is 𝑂 (𝑁𝑠𝑜𝐿 |𝑉𝑠𝑜 |𝑑2), and the

Figure 3: Comparison of performance with respect to varying
confidence thresholds 𝜏 (left) and loss weight 𝛾 (right).

Figure 4: Comparison of performance with respect to varying
loss weights 𝛼 (left) and 𝛽 (right).

complexity of pseudo-labeling is 𝑂 (𝑁𝑡𝑎𝐿 |𝑉𝑡𝑎 |𝑑2). For (3), the com-

plexity of adaptation training is𝑂 (𝑁𝑡𝑎𝐿 |𝑉𝑡𝑎 |𝑑2). In total, the overall
complexity of our model can be calculated as 𝑂 (2𝐿𝑑2 (𝑁𝑠𝑜 |𝑉𝑠𝑜 | +
𝑁𝑡𝑎 |𝑉𝑡𝑎 |). This complexity is linearly related to the size of the

dataset, which is comparable with other most recent domain adap-

tation works. We also provide a deeper discussion to show the

comparison of training/adaptation time and parameter counts in

Table 8 in the Appendix A.2.

6.4 Sensitivity Analysis
Confidence threshold 𝜏 . We vary 𝜏 ∈ {5%, 10%, 20%, 30%, 50%}.
From the results shown in Figure 3 (left), we conclude that: ❶

Optimal accuracy is consistently achieved at 𝜏 = 10% across all

datasets. ❷ A lower threshold, such as 𝜏 = 5% appears to select an

insufficient number of pseudo-labels for effective adaptation, while
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Table 6: The ablation study on NCI1 for source→target tasks, involving sub-datasets 𝑁𝐷0, 𝑁𝐷1, 𝑁𝐷2, and 𝑁𝐷3.

Methods 𝑁𝐷0→𝑁𝐷1 𝑁𝐷0→𝑁𝐷2 𝑁𝐷0→𝑁𝐷3 𝑁𝐷1→𝑁𝐷0 𝑁𝐷1→𝑁𝐷2 𝑁𝐷1→𝑁𝐷3 𝑁𝐷2→𝑁𝐷0 𝑁𝐷2→𝑁𝐷1 𝑁𝐷2→𝑁𝐷3 𝑁𝐷3→𝑁𝐷0 𝑁𝐷3→𝑁𝐷1 𝑁𝐷3→𝑁𝐷2 Avg.

Variant 1 68.9 59.6 57.6 75.0 68.4 70.6 73.5 69.8 71.4 71.2 59.8 64.7 67.5

Variant 2 70.4 61.5 58.2 75.2 67.3 71.4 74.1 70.4 72.4 72.8 61.3 66.7 68.5

w/o L∗
𝐴𝐿

71.3 63.9 64.1 76.8 72.4 72.5 74.8 72.6 74.3 73.9 60.8 69.0 70.5

w/o L𝑖𝑛𝑑 71.1 64.7 65.3 78.0 74.8 73.7 76.3 71.4 73.8 72.7 61.2 70.8 71.2

Ours 72.1 66.9 66.2 79.2 75.8 74.2 77.9 73.0 74.6 76.4 63.2 71.4 72.6

Source
Target

(a) Spurious Feature

Source
Target

(b) Causal Feature

Negative
Positive

(c) Spurious Feature

Negative
Positive

(d) Causal Feature

Figure 5: t-SNE visualization of spurious and causal features, grouped by domain and label.

higher thresholds (𝜏 > 10%) likely introduce excessive noise from

lower-quality samples, leading to performance degradation. Based

on these findings, we set 𝜏 = 10% as the default value.

Lossweight𝛼 , 𝛽 ,𝛾 .We investigate the sensitivity to loss weights

by varying𝛼 ∈ {0.005, 0.01, 0.03, 0.05, 0.1}, 𝛽 ∈ {0.005, 0.01, 0.05, 0.1,

0.5}, and 𝛾 ∈ {0.05, 0.1, 0.2, 0.5, 1}. From the results illustrated in

Figure 3 (right) and 4, we can conclude that: ❶ Our model is not

sensitive to𝛾 . ❷ Excessively low values of 𝛼 and 𝛽 fail to adequately

disentangle causal and spurious factors, while excessively high val-

ues may over-penalize the causal representation, diminishing its

quality and causing a slight performance decline. Based on the

experimental results, we recommend that setting 𝛼 and 𝛽 to 0.01

and 0.05, respectively, are suitable for most datasets.

6.5 Ablation Study
Ablation study is conducted to investigate the impact of our two pri-

mary components: ❶ the diffusion-guided label denoising strategy

and ❷ feature disentanglement for causal discovery. To evaluate

the first component, we adopt two simpler pseudo-labeling variants

using a direct confidence threshold on predicted probabilities: Vari-
ant 1 (𝜉 = 0.90) and Variant 2 (𝜉 = 0.98). For the second component,

we assess the performance by individually ablating the adversarial

loss (w/o L∗
𝐴𝐿

) and the orthogonality loss (w/o L𝑖𝑛𝑑 ).
As shown in Table 6, our ablation study on the NCII dataset

highlights the essential contributions of our models’ components.

❶ The marked performance drop in both Variant 1 and Variant 2
underscores the importance of the diffusion-guided label denoising

module for enhancing pseudo-label quality in the target domain.

This indicates that diffusion-guided pseudo-labeling mitigate the

confirmation bias by providing more precise supervisory signals

for adaptation. ❷ The accuracy decrease observed when ablating

either the adversarial or orthogonality loss confirms their syner-

gistic role in disentangling domain-specific and domain-invariant

factors, validating that each component is integral to the overall

effectiveness. To more comprehensively investigate the efficacy of

diffusion-guided label denoising module, deeper discussion can be

found in Table 7 in the Appendix A.1.

6.6 Visualization
To intuitively illustrate the effectiveness of our DisCo in disentan-

gling representations, we visualize the learned spurious and causal

features using t-SNE, where features are distinguished by domain

and label. The observations can be summarized as follows: ❶ In

Figure 5(a) and 5(b), the spurious features exhibit a clear boundary

between the source and target domains, while the causal features

maintain a consistent distribution across them. ❷ Figure 5(c) and

5(d) show that causal features form distinct clusters for positive and

negative samples, demonstrating a high correlation with the seman-

tic labels. Conversely, spurious features retain variations that are ir-

relevant to the labels. These provide evidence that DisCo effectively
extracts domain-invariant, semantically meaningful information

into causal features, thereby enhancing the overall adaptation.

7 Conclusion
In this paper, we propose a diffusion-guided unbiased discrimina-

tive learning framework for unsupervised graph domain adaptation

termed DisCo. Specifically, we leverage adversarial feature disentan-
glement to decouple the representations into causal and spurious

parts, where causal features are encouraged to be domain-invariant,

while the spurious features retain label-irrelevant variations. Fur-

thermore, we retrieve the labels of cross-domain source graphs to

generate the conditions, which would be utilized to optimize a diffu-

sion model for label denoising. Building upon this, we measure the

consistency between pseudo-labels and denoised labels to reduce

the bias during domain adaptation. Comprehensive experiments

across various real-world benchmarks demonstrates the effective-

ness of DisCo. In our future work, we plan to harness the generative
potential of diffusion models to address source-free unsupervised

graph domain adaptation.
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Table 7: A statistical comparison of pseudo-label selection methods on the target domain on the NCI1 dataset. Metrics include
the total number of confident samples, the count of correctly labeled samples, and the selection accuracy for four approaches:
direct confidence thresholding (Variant 1, 𝜉 = 0.90; Variant 2, 𝜉 = 0.98) and our diffusion-based denoising module (Diffusion 1,
𝜏 = 10%; Diffusion 2, 𝜏 = 100%).

𝑁𝐷0→𝑁𝐷1 𝑁𝐷0→𝑁𝐷2 𝑁𝐷0→𝑁𝐷3 𝑁𝐷1→𝑁𝐷0 𝑁𝐷1→𝑁𝐷2 𝑁𝐷1→𝑁𝐷3 𝑁𝐷2→𝑁𝐷0 𝑁𝐷2→𝑁𝐷1 𝑁𝐷2→𝑁𝐷3 𝑁𝐷3→𝑁𝐷0 𝑁𝐷3→𝑁𝐷1 𝑁𝐷3→𝑁𝐷2

Total 163 123 104 80 195 252 279 184 174 211 393 221

Correct 119 83 52 65 149 167 195 136 145 156 219 144Variant 1
Ratio 73.4 67.5 50.0 78.5 76.2 66.3 70.0 73.9 83.3 74.2 55.7 65.2

Total 31 3 13 24 13 24 15 26 19 56 22 24

Correct 26 2 6 20 11 17 11 20 15 40 14 18Variant 2
Ratio 84.2 66.7 46.2 83.3 84.6 70.8 73.3 76.9 78.9 71.4 63.6 75.0

Total 82 82 82 82 82 82 82 82 82 82 82 82

Correct 71 62 49 74 65 69 77 65 71 72 53 59Diffusion 1
Ratio 86.6 75.6 60.4 90.2 79.3 84.2 93.9 79.3 86.6 87.8 64.6 72.0

Total 821 821 821 821 821 821 821 821 821 821 821 821

Correct 524 494 363 609 565 555 586 535 564 423 447 511Diffusion 2
Ratio 63.8 60.2 44.2 74.3 68.8 67.6 71.4 65.2 68.7 51.5 54.5 62.2

Table 8: Comparison of computational efficiency. The table details the number of parameters and the pre-training/adaptation
times (in seconds) for our method and the latest baselines across six datasets (P: PTC, N: NCI1, T: TWITTER-Real-Graph-Partial,
M: Mutageniciy, B: BZR, C: COX2).

P N T M B C # of Parameters

Pre-training time (classifier) 5.60 12.71 327.52 12.68 5.81 5.26CoCo
Adaptation time 0.91 0.96 16.80 1.08 1.35 0.97

0.23 M

Pre-training time (classifier) 5.80 13.67 382.45 12.37 4.87 5.02MTDF
Adaptation time 1.45 2.14 14.40 2.55 1.14 1.20

0.67 M

Pre-training time (classifier) 4.93 12.12 303.93 11.65 5.27 5.30SLOGAN
Adaptation time 1.22 1.51 11.31 2.18 1.36 1.04

0.19 M

Pre-training time (classifier) 5.07 11.36 284.81 12.49 5.03 5.19

Pre-training time (diffusion) 4.80 10.24 186.64 10.20 5.24 4.86Ours
Adaptation time 0.92 0.98 10.70 1.29 1.08 0.89

0.87 M

A Extra Experiments
A.1 Extra Analysis on Diffusion Model
In this section, we analyze the effectiveness of different pseudo-

label selection strategies by examining the quantity and quality of

the confident samples from the target domain on the NCI1 dataset.

From the results shown in the Table 7, we can draw the following

conclusions: ❶ The direct confidence thresholding methods, Vari-
ant 1 andVariant 2, exhibit a precision-recall trade-off. The stricter
threshold in Variant 2 may yield higher selection accuracy (e.g.

84.6% in the 𝑁𝐷1→𝑁𝐷2 task), but at the cost of selecting a very lim-

ited number of samples. Conversely, Variant 1 selects a large pool

of pseudo-labels, yet suffers from lower and inconsistent accuracy.

❷ In contrast, our diffusion-based denoising module (Diffusion 1,
𝜏 = 10%) demonstrates a better balance in both count and accuracy.

It consistently identifies a stable number of samples (82 across all

tasks) while achieving relatively higher selection accuracy. ❸ The

Diffusion 2 variant, which straightly applies the diffusion model

pre-trained on our source domain to our target domain without

subsequent adaptation, yields the lowest accuracy across all tasks.

This indicates that the subsequent domain adaptation process is

essential to refine these labels and achieve optimal performance.

A.2 Complexity and Scalability Analysis
To more intuitively analyze the computational complexity and ef-

ficiency of our model, we compare with the latest baselines in

Table 8, focusing on parameter counts and training time. While

DisCo exhibits the largest number of parameters by incorporating

a diffusion-based label denoising module, it maintains exceptional

efficiency during the adaptation stage. This efficiency stems from a

high-quality pseudo-label selection process and the straightforward

yet potent feature disentangling strategy, in contrast to other meth-

ods that incur greater computational costs for adaptation refine-

ment. Overall, our method is comparable with previous approaches,

demonstrating a compelling trade-off between its superior perfor-

mance and its efficiency.
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