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A Foundational Problem in GFM

How is Knowledge Integrated or Transferred across Domains?

1. Each graph data is a local piece of manifold.

2. Each local geometric construction is different.

3. Glue local pieces together into a coherent whole.

4. The curvature determines the effort of knowledge transfer.

A Fresh Differential Geometry Perspective

Neural Manifold Gluing



Contributions

• Foundational Problem. How knowledge is integrated and transferred across different domains.

• Neural Manifold Gluing. A theory for understanding knowledge transfer.

• GraphGlue. A framework support mini-batch multi-domain pretraining.

• Geometric Transfer Metric. A metric to quantify GraphGlue’s transferability.

• Geometric Scaling Law . Evaluation under cross-domain transfer learning empirically demonstrate it.

Figure: Geometric scaling law on (a) Computers and (b) Reddit datasets.



Overview of GraphGlue Framework

• Pretraining. Adaptive Orthogonal Frame & Holonomy Loss  & Curvature Loss.

• Adaptation. Riemannian Prototypes & Riemannian Mixture-of-Experts.

• Transferability. Holonomy & Curvature Disagreement.



GraphGlue: Learning Local Geometry

The length of the tangent vector, describing the space deformation,  is upper-bounded 

by the perturbation.

We generate Local basis of tangent space, mimicking the directional derivate

Based on above construction, the point-wise matrix form of Riemannian metric tensor is



GraphGlue: Local Pieces to Global Ones

We begin with the compatibility of metric along edges, which is necessary for the existence of a global metric.

The gluing boundary can be defined by the adjacency in graph topology.



GraphGlue: Local Pieces to Global Ones

Holonomy describes how the tangent vector changes when traversing along a closed 

curve, and define a holonomy map to measure the changes.

When the holonomy map of triangles is trivial, the offset at the gluing boundaries is eliminated.



GraphGlue: Local Pieces to Global Ones

The glued manifold has achieved 𝐶1 continuity，but making the metric tensor smooth/𝑪∞

is almost impossible. Hence, we introduce the Log-Determinant 𝒌-order Smoothness. 

To eliminate “fold” that hinders knowledge transport along the manifold, we aim at making 

volume unit varies softly and smoothly across geodesic, avoiding huge volume change, which 

also relates to the Ricci curvature.



GraphGlue: Geometric Scaling Law

Figure: Geometric scaling law on (a) Computers and (b) Reddit datasets.

The Geometric Scaling Law
As the quantities of graphs increase, the glued manifold approximates an ideal 

manifold. Larger quantities of datasets improve model transferability with a smoother 

manifold.

We incrementally incorporate Pubmed, Photo, FacebookPagePage, WordNet18RR, MUATG and Lipophilicity in order, 

referred to as +1, +2, +3, +4, +5 and +6, respectively. The observed logarithmic scaling supports our claim on the scaling law.



GraphGlue: Training with Prototypes

For multi-domain source graphs we associate 

each graph with a Riemannian  prototype

Challenges
1. computation efficiency for large-scale graphs;

2. semantics distinction across different domains.

1. EMA for Riemannian prototyping

2. Sample-prototype contrastive loss



GraphGlue: Consistent Adaptation

where 𝜆 balances task-specific learning with consistency, and 𝑦𝑡𝑎𝑠𝑘 is the label of downstream task.

GraphGlue employs prompt adaptation and Riemannian MoE with Geometric Consistent Regularization.

For a target sample        with the coordinates       local metric       and basis vectors of the  tangent space             

given by the pre-trained model. We introduce a learnable prompt matrix 

Prompt Adaptation

Riemannian MoE 

Geometric Consistent Regularization

we construct a transfer graph      by connecting the target to its 𝑘-nearest prototypes

• Each Riemannian prototype                      serves as an expert.

• The final representation

• The weight for each expert is given by a gating function

• This MoE generates



GraphGlue: Geometric Transfer Metric

1. Holonomy disagreement ΔH. It measures how the holonomy map deviates from identity along 

paths connecting the target to its nearest prototype.

2. Curvature disagreement ΔC. The natural interpretation is given as the “bending” or abrupt 

change in local volume.

Figure: GTM vs Test Task Loss.

We introduce Geometric Transfer Metric (GTM) which is defined as the minimal 

geometric deformation required to merge the target       into the pre-trained manifold 

without disrupting its learned local geometry.



Experiments



Visualization
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