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1 Introduction

X ={x:i} € (M,g)

We embed graphs in a latent Riemannian manifold and recover G = (V, E)
edges by :[hreshc?Idmg p_alrW|§e dlstance§. .The Ialtent geometry acts o (ggij) .
as the primary inductive bias, determining which graph structures 7 ; 7 ;
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are natural to represent. By testing Euclidean, spherical, and hy- Encoder Decoder
perbolic spaces under a fixed architecture, we show that generation e 14 A ‘ ’
quality depends systematically on whether the curvature matches the
structural properties of the target graphs. !
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i . | | o Figure 2. (Top) Encoder-decoder pipeline: a graph G is embedded into a Riemannian
Euclidean (R”) Spherical (8%) Hyperbolic (Poincaré disk) manifold (M, g), and edges are recovered by thresholding pairwise distances. (Bottom)
Training: samples from the stationary distribution 7, are iteratively denoised using a
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Figure 1. Inducing graphs from latent geometry. Nodes are embedded in a latent space learned score function sy, with updates via the Riemannian exponential map.

whose metric defines the structural inductive bias. Edges are recovered by thresholding
pairwise distances d(x;, x;) < 7, where d is the metric of the chosen geometry. 4 Results

2 Method Overview
Synthetic graph generation results. We report validity (Valid), unique-

ness (Unigque), novelty (Novel), and their product V.U.N. Our rows are

 Encode nodes x; € and recover edges where dy(x;, x;) < T.
&M 9 M X) < T shaded, bold marks the best result per column.

 Diffuse with Brownian motion forward and tangent-space score
matching [3] backward, fully respecting curvature.

« Expand using iterative local expansion [1] for variable-size graphs. _ _Planar — - — free
_ _ Model Valid Unique Novel V.U.N. Valid Unique Novel V.U.N. Valid Unique Novel V.U.N.
Only the latent geometry changes across all experiments, architec-
_ GraphRNN 0.0 100 100 0.0 50 100 100 50 - — —  —
ture and decoder are fixed. GRAN 975 850 25 0.0 250 100 100 250 0.0 100 100 0.0
SPECTRE 250 100 100 250 525 100 100 525 —  —  —  —
E . 1S DiGress 775 100 100 77.5 60.0 100 100 60.0 90.0 100 100 90.0
3 xperimental Setup EDGE 0.0 100 100 00 00 100 100 0.0 00 75 100 0.0
BwR (EDP-GNN) 0.0 100 100 00 75 100 100 7.5 0.0 100 100 0.0
Datasets (synthetic benchmarks from SPECTRE [2]) BIGG 625 850 425 50 100 100 100 10.0 100 875 50.0 75.0
GraphGen 75 100 100 75 50 100 100 50 950 100 100 95.0
* Planar. Locally flat graphs with strong Euclidean structure. LocalPGNN+ILE [1] 95.0 100 100 950 75.0 100 100 75.0 100 100 100 100
SBM. COmmunity graphs that test separation between clusters. Ours (Euclidean) 97.5 100.0 100.0 97.5 77.5 100.0 100.0 77.5 90.8 100.0 100.0 90.8
. . . . Ours (£s) 94.3 100.0 100.0 94.3 75.6 100.0 100.0 75.6 82.8 100.0 100.0 82.8
» Tree. Hierarchical graphs, a canonical negatively curved case. Ours (Spherical)  91.3 100.0 99.8 90.7 81.0 100.0 100.0 81.0 78.3 100.0 100.0 78.3
e QM9. Real molecular graphs. Ours (¢4) 85.2 99.2 100.0 84.9 71.2 100.0 100.0 71.2 81.5 100.0 100.0 81.5
Ours (Hyperbolic) 84.7 100.0 100.0 84.7 66.3 100.0 100.0 66.3 100.0 99.8 100.0 99.8

Controlled comparison. We test Euclidean, Spherical, Hyperbolic,
¢4, and £, latent spaces while keeping the diffusion model, distance-
based decoder, and local expansion mechanism fixed across all runs.

No single geometry dominates. Matching curvature to graph structure
(Euclidean for Planar, Spherical for SBM, Hyperbolic for Tree) consis-

tently yields the best results, beating DiGress [4] and prior baselines.
V.U.N. = validity x uniqgueness x novelty. Higher is better, a perfect

enerator scores 100.
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