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Abstract

Models for natural language and images benefit from data scaling behavior: the
more data fed into the model, the better they perform. This ’better with more’
phenomenon enables the effectiveness of large-scale pre-training on vast amounts
of data. However, current graph pre-training methods struggle to scale up data
due to heterogeneity across graphs. To achieve effective data scaling, we aim to
develop a general model that is able to capture diverse data patterns of graphs and
can be utilized to adaptively help the downstream tasks. To this end, we propose
UniAug, a universal graph structure augmentor built on a diffusion model. We
first pre-train a discrete diffusion model on thousands of graphs across domains to
learn the graph structural patterns. In the downstream phase, we provide adaptive
enhancement by conducting graph structure augmentation with the help of the
pre-trained diffusion model via guided generation. By leveraging the pre-trained
diffusion model for structure augmentation, we consistently achieve performance
improvements across various downstream tasks in a plug-and-play manner. To the
best of our knowledge, this study represents the first demonstration of a data-scaling
graph structure augmentor on graphs across domains.

1 Introduction

The effectiveness of existing foundation models [1, 2, 3] heavily relies on the availability of substantial
amounts of data, where the relationship manifests as a scaling behavior between model performance
and data scale [4]. Consistent performance gain has been observed with the increasing scale of
pre-training data in both Natural Language Processing [4, 5] and Computer Vision [6, 7] domains.
This data scaling phenomenon facilitates the development of general models endowed with extensive
knowledge and effective data pattern recognition capabilities. In downstream applications, these
models are capable of adaptively achieving performance gains across tasks.

In the context of graphs, the availability of large-scale graph databases [8, 9, 10] enables possible data
scaling across datasets and domains. Existing works have demonstrated graph data scaling following
two limited settings: in-domain pre-training [11, 12] and task-specific selection for pre-training
data [13]. During the pre-training process, each graph in the pre-training pool must be validated
as in-domain or relevant to the downstream dataset. Given a specific domain or task, the crucial
discriminative data patterns are likely confined to a fixed set [ 14], leaving other potential patterns in
diverse graph data distribution as noisy input. In terms of structure, graphs from different domains are
particularly composed of varied patterns [15], making it hard to transfer across domains. For example,
considering the building blocks of the graphs, the motifs shared by the World Wide Web hyperlinks
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only partially align with those shared by genetic networks [15]. Therefore, closely aligning the
characteristics of the pre-training graphs and the downstream data both in feature and structure is
essential for facilitating positive transfer [13]. As a consequence, the necessity of such meticulous
data filtering restricts these methods from scaling up graphs effectively, as they can only utilize a small
part of the available data. Given the limitation of the graph pre-training methods, a pertinent question
emerges: How can we effectively leverage the increasing scale of graph data across domains?

Rather than focusing solely on data patterns specific to particular domains, we aim to develop a model
that has a comprehensive understanding of data patterns inherent across various types of graphs.
In line with the principles of data scaling, we hypothesize that incorporating a broader range of
training datasets can help the model build an effective and universal graph pattern library, avoiding
an overemphasis on major data patterns specific to any single dataset [16]. To construct such a
general-purpose model, we propose to utilize a diffusion model operating only on the structure as
the backbone, for the following key reasons. (1) Unlike features, graph structures follow a uniform
construction principle, namely, the connections between nodes. This allows for positive transfer
across domains when the upstream and downstream data exhibit similar topological patterns [13]. In
particular, while the graph representations of neurons and forward electronic circuits are derived from
distinct domains, they still share common motifs [15]. (2) Current supervised and self-supervised
methods tend to capture only specific patterns of graph data, with models designed for particular
inductive biases [16, 14, 17]. For instance, graph convolutional networks (GCNs) excel in node-level
representation learning by emphasizing homophily, whereas graph-level representation learning
benefits from expressive GNNs capable of distinguishing complex graph structures. (3) We opt for
a structure-only model due to the heterogeneous feature spaces across graphs, which often include
missing features or mismatched semantics [18]. For instance, node features yield completely different
interpretations in citation networks, where they represent keywords of documents, compared to
molecular networks, where they denote properties of atoms. To this end, we pre-train a structure-only
diffusion model on thousands of graphs, which serves as the upstream component of our framework.

In the downstream stage, we employ the pre-trained diffusion model as a Universal graph structure
Augmentor (UniAug) to enhance the dataset, where diffusion guidance [19, 20, 21] is employed to
align the generated structure with the downstream requirements. Specifically, we generate synthetic
structures with various guidance objectives, and the resulting graphs consist of generated structures
and original node features. This data augmentation paradigm strategically circumvents feature het-
erogeneity and fully utilizes downstream inductive biases by applying carefully designed downstream
models to the augmented graphs in a plug-and-play manner. Empirically, we apply UniAug to graphs
from diverse domains and consistently observe performance improvement in node classification, link
prediction, and graph property prediction. To the best of our knowledge, this study represents the first
demonstration of a cross-domain data-scaling graph structure augmentor.

2 Preliminary and Related Work

Learning from unlabeled graphs. Graph self-supervised learning (SSL) methods provide exam-
ples of pre-training and fine-tuning paradigm [22, 23, 24, 25, 26]. However, these methods benefit
from limited data scaling due to feature heterogeneity, structural pattern differences across domains,
and varying downstream inductive biases. It is worth mentioning that DCT [27] presents a pre-training
and then data augmentation pipeline on molecules. Despite its impressive performance improvement
on graph-level tasks, DCT is bounded with molecules and thus the use cases are limited.

Graph data augmentation. There have been many published works exploring graph data aug-
mentation (GDA) since the introduction of graph neural networks (GNNs), with a focus on node-
level [28, 29, 30], link-level [31, 32], and graph-level [33, 34, 35, 36, 37]. These GDA methods
have been generally designed for specific tasks or particular aspects of graph data. In addition, they
are often tailored for a single dataset and struggle to transfer to unseen patterns, which limits their
generalizability to a broader class of applications.

Diffusion models on graphs. Diffusion models [38, 39, 40] are latent variable models that learn
data distribution by gradually adding noise into the data and then recovering the clean input. Existing
diffusion models on graphs can be classified into two main categories depending on the type of
noise injected, i.e. Gaussian or discrete. Previous works employed Gaussian diffusion models
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Figure 1: The pipeline of UniAug. We pre-train a diffusion model across domains and perform
structure augmentation on the downstream graphs. The augmented graphs consist of generated
structures and original node features and are then processed by a downstream GNN.

both on general graphs [41, 42] and molecules [43, 44]. However, adding Gaussian noise into the
adjacency matrix will destroy the sparsity of the graph, which hinders the scalability of the diffusion
models [45]. Recent works adapted discrete diffusion models to graphs with categorical transition
kernels [46, 47, 48]. We denote the adjacency matrix of a graph as A® € {0, 1}"*™ with n nodes.
With details in Appendix A, we write the forward process to corrupt the adjacency matrix into a
sequence of latent variables as Bernoulli distribution

q (At | At_l) = Bernoulli (At; oA 4 (1 - at) 7r) ,
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predict-AY parameterization, the reverse process denoise the adjacency matrix with a Markov chain
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where ]59(.&0 | A?) represents the denoising network that predicts the original adjacency matrix

from the noisy adjacency matrix. The parameters are estimated by optimizing the variational lower
bound on the negative log-likelihood [49]
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3 Method

In this section, our goal is to build UniAug to understand the diverse structure patterns of graphs and
perform data augmentation with a range of objectives. As illustrated in Fig.1, UniAug consists of two
main components: a pre-trained diffusion model and the downstream adaptation through structure
augmentation. We first collect thousands of graphs from varied domains with diverse patterns. To
construct a general model free of downstream inductive biases, we train a self-conditioned discrete
diffusion model on graph structures. In the downstream stage, we train an MLP guidance head on
top of the diffusion model with objectives across different levels of granularity. We then augment
the downstream dataset by generating synthetic structures through guided generation, where the
augmented graph is composed of generated structures and original node features. Subsequently, we
apply the augmented data to train a task-specific model for performing downstream tasks. Below,
we elaborate on the data collection process, the architecture of the discrete diffusion model, and the
guidance objectives.



3.1 Pre-training data collection

In light of the data scaling spirit, we expect our

pre-training data to contain diverse data patterns __ Normalized Structural Properties
with sufficient volume. As graphs from differ- S s
ent domains exhibit different patterns [15], we ’

wish to build a collection of graphs from nu-
merous domains to enable a universal graph o
pattern library with pre-training. Within the IR
publicly available graph databases, Network
Repository [8] provides a comprehensive collec-
tion of graphs with varied scales from different Figure 2: Normalized structural properties of Network
domains, such as biological networks, chemi- Repository and Github Star. We enlarge the distribution
cal networks, social networks, and many more. coverage of our collection by combining both datasets.
Among the thousands of graphs in the Network

Repository, some of them contain irregular patterns, including multiple levels of edges, extremely
high density, et cetera. To ensure the quality of the graphs, we analyze the graph properties following
Xu et al. [50] and filter out the outliers. In addition, we observe that the coverage of graphs in the
Network Repository is incomplete according to the network entropy and scale-free exponent, as we
observe a relatively scattered space in the middle of Fig. 2. To fill in the gap, we include a subset of
the GitHub Star dataset [51] by random sampling 1000 graphs into our graph collection. The selected
graphs are utilized to train a discrete diffusion model.
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3.2 Pre-training through diffusion model

Diffusion models have demonstrated the ability to facilitate transferability from a data augmentation
perspective on the images [52, 53, 54]. Unlike the traditional hand-crafted data augmentation
methods, diffusion models can produce more diverse patterns with high quality [52]. With the aid
of diffusion guidance [19, 20], these methods can achieve domain customization tailored to specific
semantic spaces [53, 54]. Despite the success of data augmentation through diffusion models on
images, the non-Euclidean nature of graph structures poses challenges for data-centric learning on
graphs. In addition, the fact that most graphs in the Network Repository are unlabeled exacerbates
the challenges, as the absence of labeled data results in substantially lower generation quality for
diffusion models [20, 55].

To address the aforementioned challenges, we propose to construct a self-conditioned discrete
diffusion model on graph structures. Unlike Gaussian-based diffusion models, discrete diffusion
models [56, 49, 57, 46] operate with discrete transition kernels between latent variables, as shown
in Section 2. The key reason we opt for the discrete diffusion models lies in the sparse nature of
graphs, where adding Gaussian noise into the adjacency matrix will result in a dense graph [45]. On
the contrary, discrete diffusion models effectively preserve the sparse structure of graphs during the
diffusion process, thus maintaining the efficiency of the models on graphs.

To accommodate for unlabeled graphs, we adopt a self-supervised labeling strategy as an auxiliary
conditioning procedure [58, 59]. By leveraging the self-labeling technique, we are able to upscale the
diffusion model to data with more diverse patterns [58]. The self-labeling technique requires two
components: a feature extractor and a self-supervised annotator.

Feature extractor. We extract graph-level features by calculating graph properties, including the
number of nodes, density, network entropy, average degree, degree variance, and scale-free exponent
following [50]. The first two represent the scale of the graph corresponding to nodes and edges, and
the rest indicate the amount of information contained within a graph [50]. We compute the properties
of one graph and concatenate them to get a graph-level representation.

Self-supervised annotator. To assign labels to graphs in a self-supervised manner, we employ
clustering algorithms on the graph-level representations. The number of clusters is determined jointly
by the silhouette score [60] and the separation of the graphs. The candidates of the number of clusters
are chosen to ensure different clusters are well separated. Among the candidates, we select the final
number of clusters by maximizing the mean Silhouette Coefficient of all samples.



Table 1: Comparison between GDA methods, pre-training methods, and UniAug. By cross-domain transfer, we
emphasize the ability of the method to train on vastly different domains and benefit all of them.

GDA methods Pre-training methods .
UniAug
GraphAug  CFLP  Half-Hop FLAG  AttrMask  D-SLA  GraphMAE
Effective on graph-level task v - - v v v v v
Effective on edge-level task - v - v - v - v
Effective on node-level task - - v v - - v v
In-domain transfer - - - - v v v v
Cross-domain transfer - - - - - - - v

Next we detail the parameterization of the denoising model jy(A° | A?) with the self-assigned
graph-level labels k. The denoising model recovers the edges of the original adjacency matrix
by predicting the connectivity of the upper triangle, which can be formulated as a link prediction
problem [61, 62]. Following the link prediction setup, the denoising model is composed of a graph
transformer (GT) [63] and an MLP link predictor. Denote the hidden dimension as d, we treat the
node degrees as node features and utilize a linear mapping f; : R — R? to match the dimension.
Similarly, we utilize another linear mapping f; : R — R for timestep ¢ and learnable embeddings
fr :{0,..., K} +— R? for labels k, where K is the number of clusters. The outputs are summed
together and then fed into the GT. Mathematically, we have

h' = GT (fa (degree (A")) + f;(t) + fr(k),A"),
Po(AY; | A'it,k) = py(AY; | h') = MLP ([h!, h']).

With the above denoising network, our diffusion model is trained on the collected graphs by optimizing
the variational lower bound in (3). After the pre-training process, we perform adaptive downstream
enhancement through graph structure augmentation.

“

3.3 Downstream adaptation through data augmentation

The downstream phase of UniAug is to augment the graph topology through guided generation. This
guidance process serves to provide downstream semantics for the diffusion model, thus bridging
the gap between the pre-training distribution and the downstream datasets. Among the techniques
for diffusion guidance, gradient-based methods [20, 21] offer versatile approaches by incorporating
external conditions that are not present during training. For the discrete diffusion process, we
opt for the gradient-based NOS method [21] due to its flexibility and efficiency. Specifically,
we build an MLP regression head gg : R? — R" that takes the hidden representations h’ as
the input and outputs the guidance objective of dimension r. Denote 7 as the temperature,
as the step-size, A as the regularization strength, and ¢ drawn from A (0,7), we sample from

7 (A% | ht) o« jg(A° | ht)exp (go (h')) via Langevin dynamics
ht' < h* — AV [AKL (}5’ (j&o | ht”) Wi (j&o | ht)) ~ g (ht”)} +/2yre. (5)

One key question to answer is how to choose the proper guidance objectives. Our goal is to find
numerical characteristics that can best describe the structural properties of a graph. This includes
supervision signal and self-supervised information on the level of node, edge, and graph.

Node level. Node labels provide the supervision signal for node classification tasks. Beyond node
labels, node degrees are a fundamental factor in the evolutionary process of a graph [64]. From the
perspective of network analysis, centrality measures indicate the importance of nodes from various
viewpoints [65]. Empirically, we observe that utilizing different node-level heuristics as guidance
targets tends to yield similar outcomes. Therefore, we focus on node labels and node degrees.

Edge level. Edge-level heuristics can be broadly classified into two categories: local structural
heuristics, such as Common Neighbor and Adamic Adar [66], and global structural heuristics, such
as Katz [67] and SimRank [68]. Similar to node-level heuristics, empirical observations suggest that
different edge-level heuristics tend to yield comparable guidance effects. In this work, we focus on
the Common Neighbors (CN) heuristic due to its efficiency. Another edge-level guidance objective is
to recover the adjacency matrix from the node representations in a link prediction way, similar to how
we parameterize the denoising network. We anticipate that such link prediction objective helps to
align the generated graph with the downstream data on the granularity of edges.



Table 2: Mean and standard deviation of accuracy (%) with 10-fold cross-validation on graph classification.
The best result is bold. The highlighted results indicate negative transfer for pre-training methods compared to
GIN. The last column is the average rank.

DD Enzymes Proteins NCI1 IMDB-B IMDB-M Reddit-B Reddit-12K Collab AR.
GIN 7581611 6600752  7332+4.03 7830%320 7110290 49.07+2.81 90.85+130 48.63+1.62 T7454x241 556
AttrMask 7293+£3.09 23.66+6.09 73.10£3.90 77.67+253 7120+£240 48.00+3.14 87.50+3.31 48.00+1.60 75.64+1.52  8.00
CtxtPred 75.14£2.67 21.67+387 7221+£460 7899+129 70.70+1.55 4820+223 90.35+231 47.62+250 75.60+149  7.67
EdgePred 75.64+277 2200£332 7122+3.53 77.82£295 7020+223 4780+£242 90.80+1.69 4835+1.44 T74.64+224 856
InfoMax 7523+£343 22504676 71.30+£5.18 76.94+148 71.60+£2.06 46.70+246 89.15+2.84 4898+183 7544+1.12  8.00
JOAO 7598 £2.86  22.17+3.67 71.57+£531 76.87+227 71.02+1.81 4885+206 90.17+2.13 49.01+190 7477+1.71 7.11
D-SLA 74.66 + 3.30 22.67 +4.21 71.97 £4.17 77.95+2.11 71.92+2.75 47.28 +£1.88 89.77 + 1.87 48.50 £ 1.33 75.99 £2.08 7.00
GraphMAE ~ 76.07+3.25 = 23.00+3.64 7045+4.19 79.08+272 71.50+2.01 4793+3.03 86.10+3.63 47.67+1.16 7484+136 7.67
S-Mixup 73.12+3.27 66.85 +7.04 74.61 £5.08 78.91 +1.61 69.61 £4.43 4833 +£5.36 88.65 +3.12 4830 +£2.50 75.89 £3.26 6.67
GraphAug 7521+2.63  68.14+£7.92 7421+£370 79.53+321 74.00+341 48.11+1.85 90.50+3.17 49.00+1.99  76.02+267  3.67
FLAG 7687+721  6835+745 7431+£421 79.03+375 68.83+4.67 4721+345 89.11+£240 4748+301 7532+3.13  7.00
UniAug 78.13+£2.61 71.50+585 7547£2.50 80.54+1.77 7350+248 50.13+2.05 92.28+1.59 4948+0.71 77.00+2.02 1.1l

Graph level. Graph labels offer the supervision signal for graph classes or regression targets. In
addition, we incorporate graph-level properties [50] as quantitative measures to bridge the gap
between the pre-training distribution and the downstream dataset. We empirically observe that graph
label guidance offers significantly higher performance boosts compared to properties on graph-level
tasks. Therefore, we focus on graph labels in our experiments.

We provide our choice of objectives for each task in Appendix B. We note that all the above
objectives are natural choices inspired by heuristics and downstream tasks. There exist many other
self-supervised objectives to be explored, such as community-level spectral change [69] and motif
occurrence prediction [70]. We leave the study of objectives as one future work. With the diffusion
guidance, we assemble the augmented graphs with generated structures and original node features.
The augmented graphs are then fed into downstream-specific GNNs.

3.4 Comparison to existing methods

The data augmentation paradigm of UniAug allows us to disentangle the upstream and downstream.
We construct a diffusion model as the upstream component to comprehend the structural patterns
of graphs across various domains. In addition, we leverage downstream inductive biases with
downstream-specific models in a plug-and-play manner. This allows UniAug to facilitate cross-
domain transfer, offering a unified method that benefits graphs across different domains for various
downstream tasks. On the contrary, existing GDA methods are typically designed for specific tasks
and hard to transfer to unseen patterns. In the meantime, existing pre-training methods fail to transfer
across domains due to heterogeneity in features and structures. This comparison highlights the
success of UniAug as a data-scaling graph structure augmentor across domains. We summarize the
comparison between methods in Table 1.

4 Experiment

In this section, we conduct experiments to validate the effectiveness of UniAug. We first pre-train
our discrete diffusion model on thousands of graphs collected from diverse domains. For each
downstream task, we train an MLP guidance head with corresponding objectives on top of the
diffusion model. We then perform structure augmentation using UniAug and subsequently train a
task-specific GNN on augmented data for prediction. Through the experiments, we aim to answer the
following research questions:

* RQI1: Can UniAug benefit graphs from various domains across different downstream tasks?
* RQ2: What is the scaling behavior of UniAug corresponding to data scale and amount of compute?
* RQ3: Which components of UniAug are effective in preventing negative transfer?

4.1 Main results

To get a comprehensive understanding of UniAug, we evaluate it on 25 downstream datasets from 7
domains for graph property prediction, link prediction, and node classification. The statistics of the
datasets can be found in Appendix C, and technical details of the experiments are in Appendix D.



Table 3: Mean and standard deviation across 10 runs on link prediction. Results are scaled x100. The last
two methods are based on NCN, while the rest are GCN-based. The best result is bold for two backbones,
respectively. The last column is the average rank of each GCN-based method.

Cora Citeseer Pubmed Power Yeast Erdos Flickr

MRR MRR MRR Hits@10 Hits@10 Hits@10 Hiselo AR

GCN 3026 +£4.80 5057+£7.91 1638130 30.61+407 2471+492 3571£265 8.10£258 5.4

MVGRL 29.13£390 5132412  1521+235 3171£378 2374£574 3621281 842£218 529

Self-supervised GRACE 3177431 49.13£395 1688174 28214504 2396+431 3390£212 9.87+098 514
cli-supervise BGRL 3359+2.14  5191£501 1693+203 3371321 2591312 3795+173 852+185 3.00

GraphMAE 32.98 +5.01 5271+539 1883130 32.81£2.12 2651+292 3563 +3.61 701+£386 343

GDA CFLP 33.62+644  5520+4.16 17.01+2.75 16.02 +8.31 2423+523  2874+238 0.00+0.00 457
UniAug - GCN 3536+ 7.88  54.66 +4.55 1728 +1.89  3436+1.68 27.52+4.80 39.67+4.51 946%1.18 1.43
NCN 31.72+448  58.03+£345 3826+256 2736+500 39.85+507 36.81+3.29 833x092 -
NCN-based

UniAug -NCN  3592+7.85 61.69+321 4030+2.53 30.20+146 42.11+5.74 39.26+2.84 8.85+0.90 -

Table 4: Mean and standard deviation of accuracy (%) across 10 splits on node classification of heterophilic
graphs. The best result is bold. The last column is the average rank of each method.

Cornell Wisconsin Texas Actor Chameleon* Squirrel* AR.

GCN 5941 £6.03 51.68+434 63.78+4.80 30.58+£129 4094391 39.01£174 450

MVGRL 56.19£242 5064589  61.70+£394 3137+£083 3234211 3532£132 6383

Self sed GRACE 56394211 53.83+3.56 6354+257 28.14+081 3571195 33.65£251  7.00
cll-supervise BGRL 56.67+£2.13  59.80+4.08 6578 +2.66 29.80+£031 37.01£2.89 3477£201 533
GraphMAE 5731211 5827291 5834+3.57 2897+027 3675+1.78 39.13£201 550

Half-Hop 6246 £758  7647+2.61 7235+427 3395+£0.68 3859289 3734£218  3.17

GDA UniAug 68112672  69.02+496 7351£506 33.11+157 43.84£3.39 4190190 2.00
UniAug + Half-Hop ~ 7243581  79.61+556 77.03+4.27 3497+0.55 4194£277 3879£261  1.67

Baselines. We evaluate our model against three main groups of baselines. (1) Task-specific GNNs:
For graph property prediction, we use GIN [17]; for link prediction, we use GCN [71] and NCN [72];
and for node classification, we use GCN [71]. (2) Graph pre-training methods: These include
AttrMask, CtxtPred, EdgePred, and InfoMax [22], JOAO [25], D-SLA [24], and GraphMAE [23].
For each of these methods, we pre-train it on the same pre-training set as UniAug. While most of
the pre-training graphs lack node features, we calculate the node degrees as the input. Each method
consists of three pre-trained variants with different backbone GNNs, including GIN, GCN, and
GAT. (3) Self-supervised methods: These include MVGRL [73], GRACE [74], BGRL [75] and
GraphMAE [23]. For the self-supervised methods, we extract the node embeddings and feed them
into downstream specific heads. (4) Graph data augmentation (GDA) methods: For graph property
prediction, we include S-Mixup [34], GraphAug [35], FLAG [37], GREA [36], and DCT [27]; for
link prediction, we include CFLP [31]; and for node classification on heterophilic graphs, we include
Half-Hop [30]. The GDA methods are implemented based on chosen task-specific GNNs.

Graph proper.ty prediction. We employ  Taple 5: Mean and standard deviation of MAE J across 10
graph label guidance for UniAug through-  ryng on molecule regression. The last column is the average
out the graph-level tasks by training a 2- rank of each method. Among the methods, all pre-training
layer MLP as the guidance head on the methods discard atom and bond features due to dimension
graph labels in the training set. In the mismatch and we include the best-performing method JOAO
augmentation stage, we generate multiple into comparison; GIN and UniAug remove the bond features;
graphs per training sample, and the gener- others incorporate both.

ated graphs are then fed into the baseline
GIN. We present the results of molecule re-
gression in Table 5 and graph classification ng* ggig : 8-8;? 8;38 * 8-3:2 :2?2 * 8-1‘5‘2 22(7)
in Table 2. Three key observations emerge b i S
from the analysis: (1) Existing pre-training ~_'OAO 085920007 1458£0.040 32920117  7.00
methods show negati.ve transfer compared FLAG* ggég : 8-8;@ gggg ig-?gz :ggg * 8-222 Zg(o)
to GIN. Some special cases are the En- DO 05165007 OTiso0m lamioms 133
zymes and molecule regression datasets, -

where all pre-training methods fail to yield UniAug 05280006 0.677+0.026  1.448+0.049  1.67
satisfactory results. In these datasets, the *Results are taken from DCT [27].

features are one of the driving components

for graph property prediction, while the pre-training methods fail to encode such information due to

ogbg-Lipo ogbg-ESOL ogbg-FreeSolv.  A.R.




incompatibility with the feature dimension. This reveals one critical drawback of the pre-training
methods: their inability to handle feature heterogeneity. (2) GDA methods yield inconsistent results
across different datasets. While these methods enhance performance in some datasets, they cause
performance declines in others. This variability is directly reflected in the average rank, where some
of them even fall behind the GIN. (3) Unlike the pre-training methods and GDA methods, UniAug
shows consistent performance improvements against GIN with a large margin. In the molecule
regression tasks, UniAug effectively compensates for the absence of bond features and achieves
performance comparable to DCT, which is a data augmentation method pre-trained on in-domain
molecule graphs. We also adapt the semi-supervised [76] and self-supervised [77] setting for the
baselines for a comprehensive benchmark in Appendix D.1 Table 13, where we observe that UniAug
presents consistently satisfactory performance according to the average rank, matching or outper-
forming the best baseline. These findings affirm that the pre-training and structure augmentation
paradigm of UniAug effectively benefits the downstream datasets at the graph level.

Link prediction. We choose three guidance objectives for UniAug, including node degree, CN,
and link prediction objective, as described in Section 3.3. For each objective, we train an MLP to
provide guidance information. We then augment the graph structure by generating a synthetic graph
and preserving the original training edges, ensuring that the augmented graph does not remove any
existing edges. The augmented graph is then fed into a GCN for link prediction. We summarize the
results in Table 3, where we observe that (1) GDA method CFLP leads to performance drops on the
datasets without features and also suffers from high computation complexity during preprocessing. (2)
UniAug enhances performance across all tested datasets. In addition, we employ UniAug to NCN [72],
one of the state-of-the-art methods for link prediction. The results demonstrate consistent performance
boosts from UniAug when we apply NCN as the backbone. The structure augmentation paradigm
of UniAug allows plug-and-play applications to any downstream-specific models, showcasing its
adaptability and effectiveness. Additional results, including the performance of pre-training baselines
and the effects of three guidance objectives, can be found in Appendix D.2.

NOd,e classiﬁcati(?n. TO demonstrate the ef- Typle 6: Results of node classification on homophily
fectiveness of UniAug in node-level tasks, we graphs. Results are scaled x 100.
transform the node classification into subgraph

classification. Specifically, we extract the aggre- Cora Citeseer Pubmed
gation tree of each node, i.e., 2-hop subgraph for | .~ GoN 81755073 70712076 79.532025
a 2-layer GCN, and label the subgraph with the UniAug 8178 +0.60 7117058  79.54%035

center node. We then adopt a strategy similar to 4, | GCN  2451£106 2257080  27.02+0.56
graph classification and train a 2-layer classifier Unidug 2345£090 1950081 26.50+0.55
as a guidance head. Inspired by the success of

structure augmentation on heterophilic graphs [78, 30], we evaluate UniAug on 6 heterophilic datasets.
We observe phenomena similar to those seen in graph- and link-level tasks in Table 4, with results
of pre-training baselines in Appendix D.3. One thing to mention is the combination of UniAug
and Half-Hop. Half-Hop offers performance improvements in four out of six datasets via data
augmentation, and combining it with UniAug yields even higher results. This highlights the flexibility
of UniAug and opens up possibilities for further exploration of its use cases. Given the impressive
results of UniAug on heterophilic graphs, we anticipate it will also help to balance the performance
disparities among nodes with different homophily ratios on homophilic graphs [16]. We split the
nodes into five groups according to their homophily ratios and calculate the standard deviation (SD)
across groups. As shown in Table 6, UniAug matches the performance of vanilla GCN and also
reduces the performance discrepancies corresponding to SD.

4.2 Scaling behavior of UniAug

In light of the neural scaling law [4, 5, 6, 7, 79], we expect UniAug to benefit from an increased
coverage of data and more compute budget. In this subsection, we investigate the scaling behavior of
UniAug in terms of data scale and amount of compute for pre-training.

Data coverage During the data collection process, we prepare three versions of the training data
with increasing magnitude and growing coverage on the graph distribution. We first sample 10 graphs
per category from the Network Repository [8] to build a SMALL collection. Next, we gather all
the graphs from the Network Repository and filter out large-scale graphs and outliers for a FULL
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Figure 4: Effects of pre-training amount of compute on graph classification (left) and link prediction (right),
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collection. In addition, we add a 1000 graphs subset of the GitHub Star dataset from TUDataset [80]
to enlarge the coverage of diverse patterns and form an EXTRA collection. We pre-train three
versions of UniAug respectively on the three collections and evaluate them on graph classification and
link prediction. As shown in Fig. 3, we observe a clear trend of increase in performance as we enlarge
the coverage of pre-training data. This paves the way to scale up UniAug to even more pre-training
datasets with an expanding distribution of graphs. Additional results on scaling effects with respect
to the proportion of the full data can be found in Appendix D.4.

Amount of compute We sought to understand how effectively our diffusion model can learn data
patterns as we continue to train it. To this end, we checkpointed UniAug every 2,000 epochs (5 x 1073
PF-days) while training on the EXTRA collection, and then applied it to graph classification and
link prediction tasks. The results are illustrated in Fig. 4. We observe that downstream performance
generally improves with prolonged training, while the trend slows down for some datasets when we
reach 8,000 epochs. We take the checkpoint at the 10,000th epoch for evaluations. Given the scaling
behavior observed, we anticipate UniAug to become even more effective with additional resources.

4.3 Preventing negative transfer

In the previous parts of t},lf.: EXPCIl- Table 7: Demonstration of negative transfer on graph classification
ments, we showcase the positive trans-  (yp) and link prediction (down).

fer of UniAug across different tasks.
We now investigate which aspects Enzymes Proteins IMDB-B IMDB-M
of the design prevent negative trans-  GIN 66.00+£7.52 73.32+403 71.10£290  49.07 +2.81
fer.  UniAug consists of two main =, - 71504585 7547+250 73.50£2.48  50.13+2.05
components: a pre-trained diffusion wioself-cond 71112750  73.31£4.63  71.50£2.27  49.00 +2.74

: wio guidance  62.17+393  71.15£4.56  53.80£3.29 3533 £3.17
model and the structure augmentation 0 cross-guide  51.50+7.64 7246435 71.10£238  49.20 £2.59
through guided generation. In the

pre-training process, we inject self-

. . . Cora Citeseer Power Yeast Erdos
supervised graph labels into the dif- MRR MRR Hits@10 Hits@10 Hits@10
fusion model and we wonder about GCN 3026+4.80  50.57£7.91  30.61£4.07 2471£492 3571265
the performance Of lts unconditioned UniAug 35.36 +7.88 54.66 +4.55 3436 + 1.68 27.52 +4.80 39.67 +4.51

wlo self-cond  27.97 £16.11 ~ 37.65+6.00 28.95+7.73 23.54+828 3433+6.18

counterpart. Regarding the augmenta-  wioguidince ~ 29.60£606  5141£7.10 2557£604 2526606 37.11:4.16
fion process, we examine the impact VoSl  RIT£40 NP5 09425 2676438 6304367
b




of diffusion guidance by exploring outcomes when the guidance is either removed or applied using
another dataset from a different domain (cross-guide). We summarize the results in Table 7 for graph
classification and link prediction. All modifications investigated lead to performance declines in
both tasks. We observe that removing guidance results in significant negative transfers for graph
classification, while the effects of self-conditioning are more pronounced for link prediction. We
conclude that both the self-conditioning strategy and diffusion guidance are crucial in preventing
negative transfer, underscoring their importance in the design of UniAug.

5 Conclusion and Discussion

In this work, we propose a graph structure augmentor UniAug to leverage the increasing scale of
graph data. We collect thousands of graphs from various domains and pre-train a self-conditioned
discrete diffusion model on them. In the downstream stage, we augment the graphs by preserving
the original node features and generating synthetic structures. We apply UniAug to node-, link-,
and graph-level tasks and achieve consistent performance gain. We have successfully developed a
showcase that benefits from cross-domain graph data scaling using diffusion models.

One limitation of the current analysis is the absence of an investigation into the effects of model
parameters due to limited resources. Given the scaling behavior of UniAug in terms of data scale
and amount of compute, we anticipate that a large-scale model will provide significant performance
improvements. One future direction is to investigate the adaptation of fast sampling methods to the
discrete diffusion models on graphs. This will lead to lower time complexity and enable broader
application scenarios.

6 Impact Statements

In this work, we build a universal graph structure augmentor that benefits from data scaling across
domains. Given the consistent performance improvements for different tasks, we expect this work
to contribute significantly towards the goal of building a graph foundation model. In the meantime,
we showcase the power of the deep generative models on graphs by introducing new application
scenarios. We anticipate such success will contribute to the community of generative models and
graph learning.

It is important to mention that the model backbones of our method and baselines heavily rely on
neighboring node information as an inductive bias. However, this characteristic can result in biased
predictions, especially when patterns in neighborhood majorities dominate, leading to potential
ethical issues in model predictions.
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A Derivation of Diffusion Process

In the following, we will formulate the existing discrete diffusion models into binary diffusion
on the adjacency matrix. We denote the adjacency matrix of a graph as A° € {0,1}"*" with n
nodes. Following D3PM [49], we corrupt the adjacency matrix into a sequence of latent variables

AYT = A1 A2 ..., AT by independently injecting noise into each element with a Markov process
g(A'[AY) = [ Cat(Alip=A5"Q"), ©)
i,j1i<j

where Q! € [0,1]2%2 is the transition probability of timestep ¢. The above Markov process is called
forward process. Existing works provide different designs for the transition matrix Q?, including

Uniform [48] : (1 v 1 ftﬁt) ;

gt
Absorbing [47] : ( gt 1 0 ﬁt) ; (M
Predefined [46] : ((11776;)';; 1 (Bf ;pﬂ_) ﬁt) )

where 7 is the converging non-zero probability and 3! is the noise scale. All three transition matrices
can be written as binary diffusion with Bernoulli distribution
q (At | Atfl) = Bernoulli (At; at At 4 (1 — ozt) 7r) ,
q (Af’ | AO) = Bernoulli (At; atA® + (1 - 6’) 77) ,
q (At ‘ Atfl) q (Atfl | AU)
q(A"] A%)

®)

q(Af,—l ‘At,AU) —

where o = 1 — g% and &' = [[\_, a’. The prior A” is determined by 7 with p (AL) =
Bernoulli(r), i.e., the existence of each edge follows a Bernoulli distribution with probability
7. The main difference of the forward process among the existing works is the choice of 7, where
m = 0 for EDGE [47], 7 = 0.5 for D4Explainer [48], and a pre-computed average density 7 for
DiGress [46].

In our early experiments, we observe that the absorbing kernel m = 0 surpasses the other two in terms
of efficiency and effectiveness for graph generation. The forward process with non-zero 7 will add
non-existing edges, which brings in additional computations. When sampling from prior, non-zero
7 will introduce additional uncertainty because we will first sample every edge from Bernoulli(r).
Therefore, we choose the absorbing prior 7 = 0 in this work and leave the exploration of other
transition kernels as a future work.

We note that in our implementation, we choose the number of timesteps 7" as 128 according to our
early experiments and some existing works [81, 47]. We leave the study of the effects of diffusion
timesteps on downstream tasks as a future work.

B Guidance Objective for Downstream Tasks

We mention various guidance objectives in Section 3.3 with different granularity. Here, we specify
the objectives we use for each downstream task. Our empirical results suggest that supervision signals
will lead to better performance. Thus, we use node labels for node classification and graph labels for
graph property prediction in Section 4. Regarding link prediction, we anticipate that both node-level
and edge-level objectives may help the downstream adaptation. Therefore, we choose three objectives
including node degree, CN heuristic, and link prediction objective.

C Datasets

The license of the datasets use in this work is in Table 8.

Graph property prediction datasets include DD and Proteins [82], Enzymes [83], NCI1 [84],
IMDB-Binary, IMDB-Multi, Reddit-Binary, and Reddit-Multi-12K [85], ogbg-Lipo, ogbg-ESOL and
ogbg-FreeSolv [9]. The statistics are summarized in 9.
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Table 8: List of datasets and corresponding License

Dataset License

Network Repository CC BY-SA

Github Star CCBY 4.0
Cora NLM license
Citeseer NLM license
Pubmed NLM license
WebKB MIT license
Wikipedia Network MIT license
Actor MIT license
Power BSD License
Yeast BSD License
Erdos BSD License
Amazon Photo MIT license
Flickr MIT license
DD CCBY 4.0
Enzymes CCBY 4.0
Proteins CCBY 4.0
NCI1 CCBY 4.0
IMDB CCBY 4.0
Reddit CCBY 4.0

Table 9: Statistics of graph property prediction datasets.

Domain Dataset Task type # Graphs  #Tasks  #Nodes  # Edges
DD Classification 1,178 2 284 716
Biology Enzymes Classification 600 6 33 64
Proteins Classification 1,113 2 40 73
Academic Collab Classification 5,000 3 74 2458
IMDB-B Classification 1,000 2 20 97
. IMDB-M Classification 1,500 3 13 66
Social
Reddit-5k Classification 4,999 5 509 595
Reddit-12k Classification 11,929 11 391 1305
NCI Classification 4,110 2 30 32
ogbg-Lipo Regression 4200 1 27 59
Chemical
ogbg-ESOL Regression 1128 1 13 27
ogbg-FreeSolv Regression 642 1 9 17

Link prediction datasets include Cora, Citeseer, and Pubmed [86], Power [87], Yeast [88], Er-
dos [89], Amazon Photo [90], and Flickr [10]. The statistics are summarized in 10.

Table 10: Statistics of link prediction datasets.

Cora Citeseer ~ Pubmed Power YST ERD Flickr
Domain Citation Transport  Biology  Academic Social
#Nodes 2,708 3,327 18,717 4,941 2,284 6,927 334,863
#Edges 5,278 4,676 44,327 6,594 6,646 11,850 899,756
Mean Degree 39 2.81 4.74 2.67 5.82 3.42 5.69

Node classification datasets include Cora, Citeseer, and Pubmed [86], WebKB (Texas, Cornell, and
Wisconsin) [91], Wikipedia Network (Chameleon and Squirrel) [91], and Actor [92]. The first three
are homophilic graphs, and the others are heterophilic. The statistics are summarized in 11.

D Experiment

In this section, we introduce the implementation details and additional results for the experiments.
Throughout all the experiments, we train all the methods with Adam optimizer on an A100 GPU. We
train the guidance head of UniAug with cross-entropy loss for class labels and mean squared error
loss for all other objectives. For multi-class objectives, we apply the label smoothing [94] technique
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Table 11: Statistics of node classification datasets.

Cora  Citeseer ~ Pubmed  Cornell ~ Wisconsin ~ Texas  Chameleon*  Squirrel* Actor
Domain Citation Web Social
#Nodes 2,708 3,327 19,717 183 251 183 890 2,223 7,600
#Edges 5,278 4,676 44,324 295 499 309 8,854 46,998 33,544
#Classes 7 6 3 5 5 5 5 5 5

*Chameleon and Squirrel are filtered to remove duplicated nodes [93].

following NOS [21]. Denote y as the one-hot label and C' as the number of classes, we have
V., =arxy+ (1 —ay)/C 1. )

D.1 Graph property prediction

For graph classification, we follow [95] for the setting with 10-fold cross-validation. We utilize
a 5-layer GIN with latent dimensions of 64 throughout the datasets. For molecule regression, we
implement a 5-layer GIN with a virtual node, and the latent dimensions are 300. We have mainly
four hyperparameters for UniAug: step-size y and regularization strength X in (5), number of repeats
per training graph, and whether augment validation and test graphs with the trained guidance head.
For each training graph, we repeatedly generate structures and plug in the original node features for
multi-repeat augmentation. We perform the update in (5) for 5 times per each sampling step. The
hyperparameters are tuned from the choices in Table 12.

Table 12: Hyperparameter choices for graph property prediction.

A 0.01

0% [0.1, 0.5, 1.0]
# repeats [1, 5, 10, 32, 64]
Aug val and test [True, False]

In Section 4.1, we aim to benchmark the capability of cross-domain pre-training of different methods
on the same set of pre-training graphs. While the pre-training graphs contain vastly different features,
we have to align the feature space to allow pre-training for the baseline methods. There are two ways
to tackle the feature heterogeneity issues in the existing literature. One line of them utilizes LLMs to
align text-space graphs [96], which is not applicable to broader classes of graphs. Other works, like
GCOPE [97], perform dimension reduction to align the feature dimension of different graphs. We
emphasize that dimension reduction methods fail to deal with extreme cases like missing features.
This phenomenon is pretty common in real life, as a large proportion of the graphs in the Network
Repository do not have corresponding features. Therefore, we simply use the node degrees as the
features in Section 4.1.

We understand that removing the node features may result in a performance drop for the baseline
methods. Note that most of the baselines follow the pre-training paradigm of [22] with domain-
specific model designs for chemistry and biology datasets, and thus cannot be directly applied to
the chosen graph classification datasets. Therefore, we adapt the semi-supervised [76] and self-
supervised [77] setting for the baselines for a comprehensive benchmark. The semi-supervised
setting involves pre-training with all data of that specific dataset and finetuning the training set of
each split. Meanwhile, baselines of the self-supervised setting pre-train on the whole dataset and then
classify the learned graph embeddings with a downstream SVM classifier. The results are summarized
in Table 13, where the best and second-best results are highlighted in bold and italic, respectively.
We observe that UniAug presents consistently satisfactory performance according to the average rank,
matching or outperforming the best baseline.

To demonstrate the effectiveness of UniAug in scenarios with limited labeled data, we perform
5-shot graph classification following [98]. The results are summarized in Table 14 These results
show that UniAug achieves significant performance improvements over the self-supervised baselines,
underscoring its robustness and adaptability in few-shot settings.

In addition, to showcase the flexibility of UniAug on the downstream backbone, we pick one of the
SOTA method PIN [99] for graph classification and evaluate UniAug on the basis of it. The results
are summarized in Table 15, where we see UniAug offers constant improvements over PIN.
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Table 13: Mean and standard deviation of accuracy (%) with 10-fold cross-validation on graph classification.
The best and second-best results are highlighted in bold and italic. The last column is the average rank.
DD Proteins NCTI IMDB-B  IMDB-M  Reddit-B Colllb AR

88.66+0.95 73.69+0.37 6.80
88.66+0.95 73.76x0.29  5.60
89.11+0.19  74.23+0.21 4.60

CtxtPred 74.66+0.51 70.23+0.63 73.00+0.30
InfoMax 75.78+0.34 72.27+0.40 74.86+0.26

Semi-supervised o WCL 76074137 74178034 T4.63£0.25

JOAO 75.81+0.73 73.31+0.48 74.86+0.39 88.79+0.65 75.53+0.18 4.60

InfoGraph - 74.4420.31 76.20+1.06  73.03+0.87 49.69+0.53 82.50+1.42 70.65+1.13 5.17

Self-supervised GraphCL - 74.39+0.45 77.87+0.41 71.14+0.44  48.58+0.67  89.53+0.84  71.36%1.15 4.50
P JOAO - 74.55+0.41 78.07+0.47 70.21£3.08 49.20£0.77 85.29+1.35 69.50+0.36 5.17
GraphMAE - 75.30+0.39  80.40+0.30  75.52+0.66 51.63+0.52 88.01x0.19 80.32+0.46 2.17

UniAug 78.13+2.61 75.47£2.50 80.54+1.77 73.50+2.48  50.13+2.05  92.28+1.59 77.00%£2.02 1.43

Table 14: Accuracy of 5-shot graph classification.

Proteins Enzymes

GIN 58.17+8.58  20.34£5.01

InfoGraph 54.12+£820  20.90 £3.32
GraphCL 56.38 +7.24 28.11 £4.00
JOAO 5721+691  3531+3.79
GraphMAE ~ 60.03 +£535  33.91 +6.58

UniAug 66.85+4.71  48.37 £4.77

Table 15: Accuracy of graph classification with PIN.
Proteins NCI1 IMDB-B

PIN 788+44 851%15 76.6+29
UniAug-PIN  80.2+28 86514 77918

D.2 Link prediction

For link prediction, we follow the model designs and evaluation protocols of [100]. For results based
on GCN and NCN, we use a GCN encoder to produce node embeddings and perform link prediction
with a prediction head. The prediction head of GCN is a 3-layer MLP. The number of layers and the
latent dimension of the GCN encoder are taken from [100]. We have mainly three hyperparameters
for UniAug: step-size v and regularization strength A, and the number of updates in (5) per each
sampling step. In addition, inspired by the pseudo labeling strategy [101], we provide an option
threshold q for the sampling process of the diffusion model. Specifically, we only keep the edges
with the probability of existence higher than g for each sampling step. After the sampling process,
we recover the training edges of the original graph structure. The hyperparameters are tuned from the
choices in Table 16. One thing to mention is that we handle the large graphs by graph partitioning
with METIS [102]. Specifically, we augment the partitions of a large graph and then assemble the
partitions back into a single graph. The edges between different partitions are recovered after the
assembling process.

Table 16: Hyperparameter choices for link prediction.

A [0.01, 1, 100]

¥ [0.1, 1.0, 10.0]

q [None, 0.9, 0.99, 0.999]
# updates [5, 10, 20]

In addition to the results shown in Table 3, we have the pre-training baselines as mentioned in
Section 4.1. The results are summarized in Table 17. We observe that existing pre-training methods
provide negative transfer, especially on datasets with node features. More explanation on removing
the node features can be found in Appendix D.1.

As mentioned in Section 4.1, we choose three guidance objectives for link prediction with different
granularity. The effects of different objectives can be found in Table 18. We observe that the outcomes
of different objectives differ across datasets and there is no consistently winning strategy.
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Table 17: Mean and standard deviation across 10 runs on link prediction. Results are scaled x100. The last
two methods are based on NCN, while the rest are GCN-based. The best result is bold for two backbones,
respectively. The 'highlighted results indicate negative transfer for pre-training methods compared to GCN.
The last column is the average rank of each GCN-based method.

Cora Citeseer Pubmed Power Yeast Erdos Flickr

MRR MRR MRR Hits@10 Hits@10 Hits@10 Hits@10 AR.
GCN 30.26£4.80  50.57+7.91 1638 +1.30  30.61 £4.07 24.71+£492 35714265 8.10£258 414
AttrMask 1343+£193  20.23+1.29 16.39+3.62  29.92+261 25.10£4.77  3085+3.13 8.77+1.65 6.43
CtxtPred 1568291  22.31+1.31 13.10£3.70  29.30+3.55 2296+4.28 34.82+255 3.61+1.01 7.86
EdgePred 1531+£3.54 2291187 1785445  29.54+3.78 2578 +4.51 3465+3.84 6.86+324 543
InfoMax 16354257 2290+130 1591£2.71 29.29+472 2633+4.12 3582+4.12 323+038 6.00
JOAO 17.21£3.66  23.10 + 1.41 1533+£3.70  28.98 +4.01 2647+4.65 33.77+3.05 6.01+1.57 6.00
D-SLA 15.55+3.12  23.05+1.54 16.10+£3.96  29.37+2.88 26.15+332 36.02+4.58  6.70£2.03 529
GraphMAE 1594+£173 2035+1.52 13.80+£136 27.69+1.99 2651+£292 35.63+3.61 8.41+244  6.14
CFLP 33.62+£644 5520416 17.01x2.75 16.02 £8.31 24.23+£523 2874238 OOM 6.43
UniAug-GCN 3536 +7.88  54.66+4.55 17.28+1.89 34.36+1.68 27.52+4.80 39.67+451 9.46x1.18 1.29
NCN 31.72+£448 58.03+345 3826+256 27.36+500 39.85+5.07 36.81£3.29 833+0.92 -

UniAug-NCN  3592+7.85 61.69+3.21 4030+253 30.20+1.46 42.11+5.74 39.26+2.84 8.85+0.90 -

Table 18: Effects of different guidance objectives.

Cora Citeseer Pubmed Power Yeast Erdos Flickr
MRR MRR MRR Hits@10 Hits@10 Hits@10 Hits@10

Link guide 30.45+290  54.66 + 4.55 1697+0.92  3341+£295 2580+4.10 36.79+198  9.46+1.18
Degree guide ~ 32.73 £6.71 51.13+5.51 16.37+0.58  32.88+2.02 27.52+4.80 39.67+451 9.11+0.88
CN guide 3536+7.88 50.86+573 17.28+1.89 3436+1.68 26.67+402 36.18+432 928+1.18

D.3 Node classification

For node classification on heterophilic graphs, we use the fixed splits from Geom-GCN [91] for
Cornell, Wisconsin, Texas, and Actor. For Chameleon and Squirrel, we remove duplicated nodes
following [93] and take their fixed splits. Regarding node classification on homophilic graphs, we
employ the semi-supervised setting [103]. The GCN backbone is implemented as a 2-layer classifier.
Similar to graph property prediction, we have mainly four hyperparameters for UniAug: step-size
~ and regularization strength \ in (5), number of repeats per training graph, and whether augment
validation and test graphs with the trained guidance head. The hyperparameters are tuned from the
choices in Table 19.

Table 19: Hyperparameter choices for node classification.

A 0.01
o [0.1, 0.5, 1.0]
# repeats [1,5,10]

Aug val and test [True, False]

Table 20: Mean and standard deviation of accuracy (%) across 10 splits on node classification of heterophilic
graphs. The best result is bold. The ' highlighted results indicate negative transfer for pre-training methods
compared to GCN. The last column is the average rank of each method.

Cornell Wisconsin Texas Actor Chameleon* Squirrel* AR.
GCN 59.41+6.03 51.68+4.34 63.78+4.80 30.58+1.29 40.94+391 39.11+1.74 3.83
AttrMask 4486+543 5373+431 60.54+5.82 2531+1.03 3581+288 30.63+1.68 583
CtxtPred 40.81£7.78 36.67+1723 5892+432 2397+263 2436+4.13 2626+7.50 9.50
EdgePred 4270£551 48.04£6.63 59.37+5.11 2299+622 21.02+5.06 2794+841 883
InfoMax 39.19+12.75 39.80+16.38 58.87+4.06 2330+4.37 2259+491 27.52+9.09 10.17
JOAO 40.13+£8.60 4470+745 57.06+3.43 24.17+502 2581+3.79 31.72+7.03 833
D-SLA 41.05+6.88 42.13+£9.58 59.93+4.29 2374+4.06 2649+427 2850+690 8.00
GraphMAE 47.05+4.37 57.06+459 63.70+551 24.69+0.68 37.18+3.08 31.94%1.65 5.00
Half-Hop 62.46 £7.58 76.47+2.61 7235+427 3395+0.68 3859+289 37.34%2.18 3.00
UniAug 68.11 +£6.72 69.02+£4.96 73.51+5.06 33.11+1.57 43.84+339 41.90+1.90 2.00

UniAug + Half-Hop ~ 72.43+5.81  79.61+5.56 77.03+4.27 3497+0.55 41.94+277 3879+261 150

*Chameleon and Squirrel are filtered to remove duplicated nodes [93].

In addition to the results shown in Table 4, we have the pre-training baselines as mentioned in
Section 4.1. The results are summarized in Table 17, with similar scenarios as graph- and link-level
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tasks. The existing pre-training methods provide negative transfer when pre-trained on the same data
collection as UniAug. More explanation on removing the node features can be found in Appendix D.1.

To showcase the flexibility of UniAug on the downstream backbone, we pick one of the SOTA
methods PolyGCL [104] for node classification on heterophilic datasets and evaluate UniAug on the
basis of it. The results are summarized in Table 21, where we see UniAug produces improvements
over PolyGCL in three out of four datasets.

Table 21: Accuracy of node classification with PolyGCL.

Cornell Wisconsin Texas Actor

PolyGCL 82.62+3.11 8550+1.88  88.03+1.80 41.15+0.88
UniAug - PolyGCL ~ 84.31+2.88  8835+2.58 86.70+2.77 43.01 +1.27

D.4 Investigation on scaling

In Section 4.2, we investigate the scaling behavior of UniAug regarding data scale and pre-training
time. We omit some of the results for a better visualization. Here we present the numerical results in
Table 22 and Table 23.
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Figure 5: Effects of pre-training data scale (ratio) on graph classification (left) and link prediction (right).

We recognize that these three sets vary in both scale and diversity. To analyze the scaling effect of
UniAug based solely on data quantity, we clustered the pre-training set into 10 clusters based on
graph-level representations (Section 3.2) and performed stratified sampling within these clusters.
From this, we created three subsets containing 25%, 50%, and 75% of the total graphs, and pre-
trained UniAug on each subset. The results, summarized in Fig.5, show a clear trend of performance
improvement as the size of the pre-training set increases. Combined with experiments on the SMALL,
FULL, and EXTRA sets, these findings suggest that UniAug benefits from both increasing the scale
and enhancing the diversity of the pre-training data.

Table 22: Effects of pre-training data scale on graph classification (up) and link prediction (down).
Enzymes Proteins IMDB-B IMDB-M
GIN 66.00+£7.52  73.32+£4.03 71.10£2.90  49.07 £2.81

UniAug- SMALL ~ 66.83+7.38  73.50+£5.61 69.80+2.70 4893 +3.20
UniAug- FULL 71.33+£6.51 74.05+£4.82  73.11+235 49.67+2.41
UniAug- EXTRA ~ 71.17+7.10 7547 +£2.50 73.50+248  50.13 +£2.05

Cora Citeseer Power Yeast Erdos
MRR MRR Hits@10 Hits@10 Hits@10
GCN 30.26 £4.80  50.57 +£7.91 30.61 £4.07 2471+492 3571 +2.65

UniAug- SMALL ~ 3225+871  4791+£3.87 3225+372 2581+4.89  36.28 +3.56
UniAug- FULL 32.81+7.44  4832+£6.00 3297+3.75 2636+4.62 36.07+4.20
UniAug- EXTRA  3536+7.88  54.66 +4.55 34.36+1.68 27.52+480 39.67 +4.51
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Table 23: Effects of pre-training amount of compute on graph classification (up) and link prediction (down).

103 PF-days Enzymes Proteins IMDB-B IMDB-M

5 68.18 +6.21 7332+3.63  71.20+290 4828 £2.75

10 69.00+5.10 7430+5.33  7280+3.85 48.60+2.23

15 68.83+588  75.11+£3.18 71.77+238  48.60 £2.48

20 7079 £5.73  74.87+£530 73.04+282 49.47+2.20

25 7150 +5.85 7547+2.50 73.50+248  50.13 +2.05

Cora Citeseer Power Yeast Erdos
-3 v

107" PF-days MRR MRR Hits@10 Hits@10 Hits@10
5 2756 +436  49.45+9.20 22.81+947 23.62+9.77 3533+3.16
10 31.02+6.53 50.72+6.22 3249+252 2670+4.85  36.10 +4.66
15 3324+797 49.02+£592  32.88+3.31 27.80+4.55  39.70 + 3.67
20 34.71+9.08  5290+3.84 33.69+323 2690+393 39.33+3.16
25 35.36+7.88 54.66 +4.55 34.36+1.68 27.52+480 39.67 +4.51

NeurIPS Paper Checklist

1. Claims

Question: Do the main claims made in the abstract and introduction accurately reflect the
paper’s contributions and scope?

Answer: [Yes]

Justification: The main claims made in the abstract and introduction accurately reflect the
paper’s contributions and scope.

Guidelines:

* The answer NA means that the abstract and introduction do not include the claims
made in the paper.

 The abstract and/or introduction should clearly state the claims made, including the
contributions made in the paper and important assumptions and limitations. A No or
NA answer to this question will not be perceived well by the reviewers.

* The claims made should match theoretical and experimental results, and reflect how
much the results can be expected to generalize to other settings.

* It s fine to include aspirational goals as motivation as long as it is clear that these goals
are not attained by the paper.

2. Limitations
Question: Does the paper discuss the limitations of the work performed by the authors?
Answer: [Yes]
Justification: It’s in the Conclusion and Discussion section.
Guidelines:

* The answer NA means that the paper has no limitation while the answer No means that
the paper has limitations, but those are not discussed in the paper.

 The authors are encouraged to create a separate "Limitations" section in their paper.

* The paper should point out any strong assumptions and how robust the results are to
violations of these assumptions (e.g., independence assumptions, noiseless settings,
model well-specification, asymptotic approximations only holding locally). The authors
should reflect on how these assumptions might be violated in practice and what the
implications would be.

* The authors should reflect on the scope of the claims made, e.g., if the approach was

only tested on a few datasets or with a few runs. In general, empirical results often
depend on implicit assumptions, which should be articulated.

* The authors should reflect on the factors that influence the performance of the approach.
For example, a facial recognition algorithm may perform poorly when image resolution
is low or images are taken in low lighting. Or a speech-to-text system might not be
used reliably to provide closed captions for online lectures because it fails to handle
technical jargon.
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* The authors should discuss the computational efficiency of the proposed algorithms
and how they scale with dataset size.

* If applicable, the authors should discuss possible limitations of their approach to
address problems of privacy and fairness.

* While the authors might fear that complete honesty about limitations might be used by
reviewers as grounds for rejection, a worse outcome might be that reviewers discover
limitations that aren’t acknowledged in the paper. The authors should use their best
judgment and recognize that individual actions in favor of transparency play an impor-
tant role in developing norms that preserve the integrity of the community. Reviewers
will be specifically instructed to not penalize honesty concerning limitations.

3. Theory assumptions and proofs

Question: For each theoretical result, does the paper provide the full set of assumptions and
a complete (and correct) proof?

Answer: [NA]
Justification: The paper does not include theoretical results.
Guidelines:

* The answer NA means that the paper does not include theoretical results.

 All the theorems, formulas, and proofs in the paper should be numbered and cross-
referenced.

* All assumptions should be clearly stated or referenced in the statement of any theorems.

* The proofs can either appear in the main paper or the supplemental material, but if
they appear in the supplemental material, the authors are encouraged to provide a short
proof sketch to provide intuition.

* Inversely, any informal proof provided in the core of the paper should be complemented
by formal proofs provided in appendix or supplemental material.

* Theorems and Lemmas that the proof relies upon should be properly referenced.
4. Experimental result reproducibility

Question: Does the paper fully disclose all the information needed to reproduce the main ex-
perimental results of the paper to the extent that it affects the main claims and/or conclusions
of the paper (regardless of whether the code and data are provided or not)?

Answer: [Yes]

Justification: The experimental details can be found in the main text and the appendix. We
also provide the code in the supplemental material.

Guidelines:

* The answer NA means that the paper does not include experiments.

* If the paper includes experiments, a No answer to this question will not be perceived
well by the reviewers: Making the paper reproducible is important, regardless of
whether the code and data are provided or not.

* If the contribution is a dataset and/or model, the authors should describe the steps taken
to make their results reproducible or verifiable.

* Depending on the contribution, reproducibility can be accomplished in various ways.
For example, if the contribution is a novel architecture, describing the architecture fully
might suffice, or if the contribution is a specific model and empirical evaluation, it may
be necessary to either make it possible for others to replicate the model with the same
dataset, or provide access to the model. In general. releasing code and data is often
one good way to accomplish this, but reproducibility can also be provided via detailed
instructions for how to replicate the results, access to a hosted model (e.g., in the case
of a large language model), releasing of a model checkpoint, or other means that are
appropriate to the research performed.

* While NeurIPS does not require releasing code, the conference does require all submis-
sions to provide some reasonable avenue for reproducibility, which may depend on the
nature of the contribution. For example
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(a) If the contribution is primarily a new algorithm, the paper should make it clear how
to reproduce that algorithm.

(b) If the contribution is primarily a new model architecture, the paper should describe
the architecture clearly and fully.

(c) If the contribution is a new model (e.g., a large language model), then there should
either be a way to access this model for reproducing the results or a way to reproduce
the model (e.g., with an open-source dataset or instructions for how to construct
the dataset).

(d) We recognize that reproducibility may be tricky in some cases, in which case
authors are welcome to describe the particular way they provide for reproducibility.
In the case of closed-source models, it may be that access to the model is limited in
some way (e.g., to registered users), but it should be possible for other researchers
to have some path to reproducing or verifying the results.

5. Open access to data and code

Question: Does the paper provide open access to the data and code, with sufficient instruc-
tions to faithfully reproduce the main experimental results, as described in supplemental
material?

Answer: [Yes]
Justification: The data are publicly available and the code is in the supplemental material.
Guidelines:

* The answer NA means that paper does not include experiments requiring code.

* Please see the NeurIPS code and data submission guidelines (https://nips.cc/
public/guides/CodeSubmissionPolicy) for more details.

* While we encourage the release of code and data, we understand that this might not be
possible, so “No” is an acceptable answer. Papers cannot be rejected simply for not
including code, unless this is central to the contribution (e.g., for a new open-source
benchmark).

* The instructions should contain the exact command and environment needed to run to
reproduce the results. See the NeurIPS code and data submission guidelines (https:
//nips.cc/public/guides/CodeSubmissionPolicy) for more details.

* The authors should provide instructions on data access and preparation, including how
to access the raw data, preprocessed data, intermediate data, and generated data, etc.

* The authors should provide scripts to reproduce all experimental results for the new
proposed method and baselines. If only a subset of experiments are reproducible, they
should state which ones are omitted from the script and why.

* At submission time, to preserve anonymity, the authors should release anonymized
versions (if applicable).

* Providing as much information as possible in supplemental material (appended to the
paper) is recommended, but including URLSs to data and code is permitted.

6. Experimental setting/details

Question: Does the paper specify all the training and test details (e.g., data splits, hyper-
parameters, how they were chosen, type of optimizer, etc.) necessary to understand the
results?

Answer: [Yes]
Justification: Please see the experiment section and the corresponding appendix.
Guidelines:

* The answer NA means that the paper does not include experiments.

* The experimental setting should be presented in the core of the paper to a level of detail
that is necessary to appreciate the results and make sense of them.

* The full details can be provided either with the code, in appendix, or as supplemental
material.

7. Experiment statistical significance
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Question: Does the paper report error bars suitably and correctly defined or other appropriate
information about the statistical significance of the experiments?

Answer: [Yes]
Justification: We report the standard deviation across runs.
Guidelines:

» The answer NA means that the paper does not include experiments.

* The authors should answer "Yes" if the results are accompanied by error bars, confi-
dence intervals, or statistical significance tests, at least for the experiments that support
the main claims of the paper.

* The factors of variability that the error bars are capturing should be clearly stated (for
example, train/test split, initialization, random drawing of some parameter, or overall
run with given experimental conditions).

* The method for calculating the error bars should be explained (closed form formula,
call to a library function, bootstrap, etc.)

* The assumptions made should be given (e.g., Normally distributed errors).
¢ It should be clear whether the error bar is the standard deviation or the standard error
of the mean.

It is OK to report 1-sigma error bars, but one should state it. The authors should
preferably report a 2-sigma error bar than state that they have a 96% CI, if the hypothesis
of Normality of errors is not verified.

* For asymmetric distributions, the authors should be careful not to show in tables or
figures symmetric error bars that would yield results that are out of range (e.g. negative
error rates).

* If error bars are reported in tables or plots, The authors should explain in the text how
they were calculated and reference the corresponding figures or tables in the text.
8. Experiments compute resources

Question: For each experiment, does the paper provide sufficient information on the com-
puter resources (type of compute workers, memory, time of execution) needed to reproduce
the experiments?

Answer: [Yes]
Justification: See appendix.
Guidelines:

* The answer NA means that the paper does not include experiments.

* The paper should indicate the type of compute workers CPU or GPU, internal cluster,
or cloud provider, including relevant memory and storage.

* The paper should provide the amount of compute required for each of the individual
experimental runs as well as estimate the total compute.

* The paper should disclose whether the full research project required more compute
than the experiments reported in the paper (e.g., preliminary or failed experiments that
didn’t make it into the paper).

9. Code of ethics

Question: Does the research conducted in the paper conform, in every respect, with the
NeurIPS Code of Ethics https://neurips.cc/public/EthicsGuidelines?

Answer: [Yes]

Justification: The research conducted in the paper conforms, in every respect, with the
NeurIPS Code of Ethics.

Guidelines:

¢ The answer NA means that the authors have not reviewed the NeurIPS Code of Ethics.

* If the authors answer No, they should explain the special circumstances that require a
deviation from the Code of Ethics.

* The authors should make sure to preserve anonymity (e.g., if there is a special consid-
eration due to laws or regulations in their jurisdiction).
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10. Broader impacts

11.

12.

Question: Does the paper discuss both potential positive societal impacts and negative
societal impacts of the work performed?

Answer: [Yes]
Justification: See the impact statement.
Guidelines:

* The answer NA means that there is no societal impact of the work performed.

* If the authors answer NA or No, they should explain why their work has no societal
impact or why the paper does not address societal impact.

» Examples of negative societal impacts include potential malicious or unintended uses
(e.g., disinformation, generating fake profiles, surveillance), fairness considerations
(e.g., deployment of technologies that could make decisions that unfairly impact specific
groups), privacy considerations, and security considerations.

* The conference expects that many papers will be foundational research and not tied
to particular applications, let alone deployments. However, if there is a direct path to
any negative applications, the authors should point it out. For example, it is legitimate
to point out that an improvement in the quality of generative models could be used to
generate deepfakes for disinformation. On the other hand, it is not needed to point out
that a generic algorithm for optimizing neural networks could enable people to train
models that generate Deepfakes faster.

 The authors should consider possible harms that could arise when the technology is
being used as intended and functioning correctly, harms that could arise when the
technology is being used as intended but gives incorrect results, and harms following
from (intentional or unintentional) misuse of the technology.

* If there are negative societal impacts, the authors could also discuss possible mitigation
strategies (e.g., gated release of models, providing defenses in addition to attacks,
mechanisms for monitoring misuse, mechanisms to monitor how a system learns from
feedback over time, improving the efficiency and accessibility of ML).

Safeguards
Question: Does the paper describe safeguards that have been put in place for responsible

release of data or models that have a high risk for misuse (e.g., pretrained language models,
image generators, or scraped datasets)?

Answer: [NA]
Justification: The paper poses no such risks.
Guidelines:

* The answer NA means that the paper poses no such risks.

* Released models that have a high risk for misuse or dual-use should be released with
necessary safeguards to allow for controlled use of the model, for example by requiring
that users adhere to usage guidelines or restrictions to access the model or implementing
safety filters.

 Datasets that have been scraped from the Internet could pose safety risks. The authors
should describe how they avoided releasing unsafe images.

* We recognize that providing effective safeguards is challenging, and many papers do
not require this, but we encourage authors to take this into account and make a best
faith effort.

Licenses for existing assets

Question: Are the creators or original owners of assets (e.g., code, data, models), used in
the paper, properly credited and are the license and terms of use explicitly mentioned and
properly respected?

Answer: [Yes]
Justification: See appendix.

Guidelines:
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13.

14.

15.

» The answer NA means that the paper does not use existing assets.
* The authors should cite the original paper that produced the code package or dataset.

* The authors should state which version of the asset is used and, if possible, include a
URL.

* The name of the license (e.g., CC-BY 4.0) should be included for each asset.

* For scraped data from a particular source (e.g., website), the copyright and terms of
service of that source should be provided.

o If assets are released, the license, copyright information, and terms of use in the
package should be provided. For popular datasets, paperswithcode.com/datasets
has curated licenses for some datasets. Their licensing guide can help determine the
license of a dataset.

* For existing datasets that are re-packaged, both the original license and the license of
the derived asset (if it has changed) should be provided.

* If this information is not available online, the authors are encouraged to reach out to
the asset’s creators.
New assets

Question: Are new assets introduced in the paper well documented and is the documentation
provided alongside the assets?

Answer: [Yes]
Justification: See method and experiment sections.
Guidelines:

* The answer NA means that the paper does not release new assets.

* Researchers should communicate the details of the dataset/code/model as part of their
submissions via structured templates. This includes details about training, license,
limitations, etc.

* The paper should discuss whether and how consent was obtained from people whose
asset is used.

* At submission time, remember to anonymize your assets (if applicable). You can either
create an anonymized URL or include an anonymized zip file.
Crowdsourcing and research with human subjects

Question: For crowdsourcing experiments and research with human subjects, does the paper
include the full text of instructions given to participants and screenshots, if applicable, as
well as details about compensation (if any)?

Answer: [NA]
Justification: The paper does not involve crowdsourcing nor research with human subjects.
Guidelines:
* The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.

* Including this information in the supplemental material is fine, but if the main contribu-
tion of the paper involves human subjects, then as much detail as possible should be
included in the main paper.

* According to the NeurIPS Code of Ethics, workers involved in data collection, curation,
or other labor should be paid at least the minimum wage in the country of the data
collector.

Institutional review board (IRB) approvals or equivalent for research with human
subjects

Question: Does the paper describe potential risks incurred by study participants, whether
such risks were disclosed to the subjects, and whether Institutional Review Board (IRB)
approvals (or an equivalent approval/review based on the requirements of your country or
institution) were obtained?

Answer: [NA]

Justification: The paper does not involve crowdsourcing nor research with human subjects.
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Guidelines:
* The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.

* Depending on the country in which research is conducted, IRB approval (or equivalent)
may be required for any human subjects research. If you obtained IRB approval, you
should clearly state this in the paper.

* We recognize that the procedures for this may vary significantly between institutions
and locations, and we expect authors to adhere to the NeurIPS Code of Ethics and the
guidelines for their institution.

* For initial submissions, do not include any information that would break anonymity (if
applicable), such as the institution conducting the review.

16. Declaration of LLM usage
Question: Does the paper describe the usage of LLMs if it is an important, original, or
non-standard component of the core methods in this research? Note that if the LLM is used

only for writing, editing, or formatting purposes and does not impact the core methodology,
scientific rigorousness, or originality of the research, declaration is not required.

Answer: [NA]

Justification: The core method development in this research does not involve LLMs as any
important, original, or non-standard components.

Guidelines:

* The answer NA means that the core method development in this research does not
involve LLMs as any important, original, or non-standard components.

¢ Please refer to our LLM policy (https://neurips.cc/Conferences/2025/LLM)
for what should or should not be described.
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