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Text vs. Image vs. Graph

Text Image Graph

Graphs resist standardization: they vary in the number of nodes, graph topology, and feature specifications.



Graph Neural Networks
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Message Passing

Graph Neural Networks process graphs with arbitrary numbers of nodes and structures through message passing.



Per-Dataset Nature of Graph Neural Networks
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Feature transformation layers in GNNs are tied to the input feature space, necessitating retraining for each dataset.



Fully Inductive Node Representation Learning (FINRL)

A fully inductive representation function      maps any unseen graph into latent node representations that jointly 
captures node features and graph structure.

We introduce two requirements that guarantee a representation function is fully inductive (Lemma 3.1).

We formulate FINRL through two equivariance conditions that guarantee the full inductiveness of the function.



Uncovering the Hidden Space of Graphs (1)

Transformations along the node axis break R1 


Transformations along the feature axis break R2. 
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How can we satisfy both simultaneously?   

Our solution.  
Introduce a third axis of graph representation: the view space.

Feature Axis



Uncovering the Hidden Space of Graphs (2)



Uncovering the Hidden Space of Graphs (3)

The third axis defines a shared view space,  
in which each node–feature pair from an arbitrary dataset is represented as a view vector.



Learning Representations via View Space

    GVT satisfies both R1 and R2 simultaneously; for simplicity, we implement it with an MLP in this work.



RGVT: A Fully Inductive Graph Encoder

By decoupling parameterization from depth, as in RNNs, the model can operate at arbitrary depth      , enabling 
dataset-specific depth selection without retraining.

Training of RGVT. A shared RGVT encoder produces transferable representations for arbitrary graphs, while 
lightweight predictors specialize them to each dataset. Appropriate recurrent depth        enables adaptation to 
label-scarce and unseen graphs.

We propose applying GVT recurrently, enabling the model to choose the appropriate depth on a per-dataset basis.



Experiment Settings

Pre-training & Transfer. RGVT is pretrained on OGBN-Arxiv (Hu et al., 2020a) using its public

split, and downstream evaluation is conducted on 27 node classification benchmarks.

Splits. Following prior work (Zhao et al., 2025), we use public splits when available; otherwise, 
we sample 20 nodes per class for training, split the remainder evenly for validation and testing.

View Finder. For RGVT, we use                                                                  as the set of view finders, 
where is      degree matrix, and consider a                    as a hyperparameter.

RGVT Details. Linear/MLP predictors are trained on top of RGVT representations to map them to 
the target label space, while the recurrent depth is selected for per-dataset based on validation.

RGVT requires training only L lightweight predictors for depth selection,  
making it substantially more efficient than conventional per-dataset GNN training and hyperparameter tuning.



Validation of FI-NRL

    RGVT effectively encodes graph structure, producing representations  
that are both more predictive and robust than those of GraphAny.



Power of FI-NRL

RGVT even surpasses 12 per-dataset trained and tuned GNNs,  
suggesting that GVT can serve as a compelling alternative to conventional feature transformation.



Conclusion

Introduces the view space, a graph-centric representation that enables arbitrary graphs with heterogeneous 
feature spaces to be processed in a unified manner.

Proposes Graph View Transformation (GVT), a parametric mapping in the view space that enables 
node–feature dynamic aggregation beyond conventional GNNs.

Demonstrates strong cross-graph transfer with Recurrent GVT (RGVT), outperforming 12 per-dataset 
optimized GNNs despite using a single transferable model.
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