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Abstract

Graph neural networks (GNNs) have attracted significant in-
terests recently since they can effectively process and analyze
graph-structured data commonly found in real-world applica-
tions. However, the predicament that GNNs become difficult
to train with as the number of layers increase. The essence
of this problem is that stacking layers will reduce the sta-
bility of forward propagation and gradient back-propagation.
As the size of models increase (measured by the number of
parameters), how to efficiently and effectively adapt it to par-
ticular downstream tasks becomes an intriguing research is-
sue. In this work, we propose a simple orthogonal training
framework to impose the orthogonality constraints on GNNs,
which can help models find a solution vector in a specific low
dimensional subspace and stabilize the signaling processes at
both the forward and backward directions. Specifically, we
propose a novel polar decomposition-based orthogonal ini-
tialization (PDOI-R) algorithm to identify the low intrinsic
dimension within the Stiefel manifold and stabilize the train-
ing process. Extensive experiments demonstrate the effective-
ness of the proposed method in multiple downstream tasks,
showcasing its generality. This simple method can help exist-
ing state-of-the-art models achieve better performance.

Introduction

In the past decades, graph neural networks (GNNs) have be-
come increasingly popular in artificial intelligence research
due to the prevalence of graph-structured data in various
domains such as e-commerce, traffic, chemistry, and the
knowledge base field. While these models can automatically
learn hidden deep features from graphs and are highly effec-
tive, several problems still exist. A key limitation of GNNs
is that the learned node representations are highly indistin-
guishable with layer stacking. Previous researchers attribute
this problem to the over-smoothing issue (Chen et al. 2020a).
Because of the recursive neighbor aggregation on the graph
structure, the node representation becomes indistinguish-
able. To alleviate the over-smoothing issue, increasing ef-
forts have been made in succession, such as skip connec-
tion (Chen et al. 2020a) and graph augmentation (Rong et al.
2019). However, it is hard to explain why shallow GNNs still
have the same issue with deep GNNs. The authors of (Guo
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et al. 2022) conducted experiments on the feature transfor-
mation module and concluded that the vanilla feature trans-
formation damages the steady model signaling at both the
forward and backward passes, which in turn degrades the
performance of GNNs. Another thing worth noting is that
with the continuous development of the large model, how
to efficiently transfer the information learned to downstream
tasks has become a very important research direction, espe-
cially in pre-training tasks.

To efficiently adapt GNNs to downstream tasks, we im-
pose approximately orthogonality constraints on the GNNs
to find a low intrinsic dimension on the Stiefel manifold,
which can help learn the essence features of data repre-
sentation. From the view of norm-preserving, we find that
keeping the orthonormality within a layer weight during the
learning process is a sufficient and necessary condition to
ensure the stability of forward activation norm and back-
ward errors. And we map the weight matrices from high-
dimensional space to low-dimensional orthogonal space (the
Stiefel manifold) without losing information to ensure diver-
sity and essentiality of learned features (Cui et al. 2022). In
summary, three contributions can be summarized as follows:
(1) We propose a simple training method that aims to en-
hance the performance of downstream tasks by reducing pa-
rameter redundancy and improving feature expressiveness,
especially in pre-training tasks. (2) We introduce a novel po-
lar decomposition-based orthogonal initialization (PDOI-R)
algorithm to identify the low intrinsic dimension within the
Stiefel manifold, which not only facilitates the imposition
of orthogonal constraints but also stabilizes the training of
GNN:s. (3) Extensive experiments have been conducted on
various GNN tasks to evaluate the effectiveness of PDOI-
R. Numerical results demonstrate that PDOI-R can signifi-
cantly enhance the performance of existing models and en-
sure their stability.

Methods

In this work, we propose a novel algorithm PDOI-R in 1, to
find a local optimum on the Stiefel manifold as the starting
point. We use the Randomized Singular Value Decomposi-
tion (RSVD) to compute the polar decompositions. RSVD
(Erichson et al. 2016) is a computationally efficient algo-
rithm for computing the truncated SVD of large data matri-
ces. To improve the quality of RSVD, the power iteration
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Model BBBP 1 Tox211t  ToxCast{ SIDER? ClinTox1T MUV 1T HIV 1 BACE 1
GraphMAE (Hou et al. 2022) 72.0+£0.6  75.5+0.6  64.1+0.3  60.3+x1.1 82.3+1.2 763+24 77.2+1.0 83.1+0.9
PDOIR-GraphMAE 73.0+£0.5 77.25+04 65.3x04 64.7x1.0 86.1x1.2 79.2+x1.8 79.9+0.7 85.0+0.7

Table 1: Comparison with SOTA on transfer learning on molecular property prediction benchmarks. We report ROC-AUC
scores (%). The models are first pre-trained on ZINC15 (Sterling and Irwin 2015) and then finetuned on the above datasets

Method Cora 1 Cite. 1 Pumb. 1 Corn. 1 Texa. 1 Wisc. 1
GCNII (Chen et al. 2020b) 88.01 77.13 90.30 76.49 77.84 81.57
Ortho-GCNII (Guo et al. 2022) 88.69 77.21 90.42 77.84 80.54 83.53
PDOIR-GCNII 90.95 79.58 90.59 78.38 81.28 84.27

Table 2: Accuracy (%) comparisons with SOTA (GCNII (Chen et al. 2020b)) on full-supervised node classification tasks. The
PDOIR-GCNII achieves the best performance and is highlighted in the table.

Model BBBP{  Tox211 ToxCast{ SIDER? ClinToxt MUVt HIV 1 BACE 1

GraphCL (You et al. 2021) 69.7£0.7  73.9+0.7  62.4+0.6 60.5+0.9 76.0£2.7 69.8+2.7 78.5x1.2 75.4+1.4
GraphLoG (Hafidi et al. 2022) 72.5+0.8 75.7#0.5  63.5£0.7 61.2+1.1 76.743.3 76.0+1.1 77.8+0.8 83.5+1.2
GraphMAE (Hou et al. 2022)  72.0+0.6  75.5£0.6  64.1+0.3  60.3x1.1 82.3+1.2 76.3+24 77.2+1.0 83.1+x0.9
PDOIR-GraphMAE 73.0+£0.5 77.25+0.4 65.3x04 64.7+x1.0 86.1+1.2 79.2+x1.8 79.9+0.7 85.0+0.7

Table 3: Comparison with SOTA on transfer learning on molecular property prediction benchmarks. We report ROC-AUC
scores (%). The models are first pre-trained on ZINC15 and then finetuned on the above datasets

Algorithm 1: PDOI-R algorithm

Input: a starting point 6.
Output: 0y, k > 1.
1: for k=1,2,..., until a stopping criterion is satisfied do

2:  Compute Euclidean gradient Vg (605,_1).
3:  Compute the RSVD decomposition (UXV ) of
Vg (0r-1). (D
4:  Update 0}, to be the product of two orthogonal matri-
cesUVT,
5: end for

method can be used directly.

The PDOI-R exploits a low-dimensional manifold that
can approximately represent the whole model parameters
(Ding et al. 2023), and the optimization trajectory fol-
lows this manifold. The algorithm is an easier optimization
method due to the non-reliance on the tangent space and can
provide a better convergence. The parameter optimization of
the pre-training model follows a low-dimensional manifold,
which can be embedded in a low-dimensional representa-
tion of the solution vector. If this representation accurately
captures the low-dimensional space, then fine-tuning the full
parameters on the original model is equivalent to refining
the model within this lower-dimensional parameter space.
In this way, the fitting or fine-tuning process for large mod-
els can be accomplished with minimal computational costs,
requiring only a small amount of data and parameter tuning.

The PDOI-R is a general module capable of augmenting
the existing GNNs. Without loss of generality, we adopt the
simple method by the polar decomposition iteration on the
Stiefel manifold to achieve orthogonal initialization.
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Figure 1: Verification set loss variation curve during the
training process. The pink line represents the EGNN (Sator-
ras, Hoogeboom, and Welling 2021)after PDOI-R initializa-
tion, while the yellow line represents the EGNN after Xavier
initialization. The horizontal axis represents the training
epochs, and the vertical axis represents the Mean absolute
errors on ISO17 (C;05H;y¢ isomers (Schiitt et al. 2017)) in
kcal/mol.

Conclusion

In this study, we propose a simple method to enhance the
performance of GNNs in downstream tasks. Before the
GNNss starts training, we utilize the PDOI-R algorithm for
orthogonal initialization. The algorithm can realize the or-
thogonal transformation and converge to a locally optimal
point on the Stiefel manifold. We evaluate the performance
of our proposed method across various downstream tasks
of GNNs. All experimental settings remain consistent with
the original paper literature, ensuring a fair basis for com-
parison. The experimental results demonstrate that PDOI-R
can effectively improve the model performance in numerous
downstream tasks of GNNs.
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