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Motivation: predictions need geometric explanations

A generative framework for explainable graph representation learning via archetypes.

Hierarchical design

Global archetypes define
pure communities; local
hulls refine them with
prototypes.

Vs

11

Identifiability

Anchor dominance
makes local hulls disjoint,
yielding unique node
reconstructions.

Truncated Dirichlet with e <72
=disjoint local hulls = unique

node reconstruction.
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Stable & scalable

Boxed-SVD stabilizes
optimization; subsampling
reduces likelihood cost to
linear in edges.

Boxed-SVD = Lipschitz
gradient. Non-edge
subsampling: O(N2) = O(|E|).
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Principled diversity

DPP priors spread
archetypes and prevent
degenerate hulls.
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Empirical validation

Competitive link
prediction and community
detection across real
networks.

Geometry is the explanation: global archetypes explain communities, local prototypes explain variation, anchor
dominance gives identifiability, and generative logits make the geometry predictive.




Model: two levels of convex hulls
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Identifiability: anchor dominance separates the hulls
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Anchor-dominant rows

'wNDir(aflK)‘wkzl—E, 0<e<i
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Implementation used in the model

(Wk)r,: - (]- — Sk,r) e—li; + Sk,r ak,r; Skor — Etk,r

r

Non-overlap lemma
e <3 = conv(By)Nconv(B,) =2 (k#Y{)

€ is the anchor mass: smaller € - tighter, fully separated hulls.

One local hull anchored at ax: K-1
prototypes + the anchor itself.




Boxed SVD: bounded archetypes & stable optimization

Boxed-SVD parameterization
A = Udiag(o) V'

0 < [O-mina O-max]v .]: 17 s 7K

|Allz < 00 = 2] < 5

Spectral box = embeddings stayina
bounded ball.

Lipschitz gradient (Theorem)
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Projected gradient withn =1/Lw is provably
safe — monotone descent.




Generative process

i i G tive edge likelihood
Algorlthm - SIX steps enerative edge likelihoo
1. Sample A € RKXD yvia boxed-SVD parameterization. - = 8§ <z - Z > _I— - _I_ .
2. For each k: build By = Wy A with anchor-dominant rows (truncated Dirichlet, € < ). 777’] (% J g@ g_]

3. Place DPP priors on rows of A and each By to encourage spread.

4. Draw c;i NCat(TF)’ wi~ Dir(a_w:- 1) set zi= wiT B_{ci}. }/;] | Z; g7 S ~ Bernoulh(o-(/rhj))
5. Draw degree bias gi~ NV'(0, T_g°) and global scale s ~ HalfNormal(t_s).

6. Sample edges Yij~ Bern(o(s{zi, zj» + gi + g))).

£<% = conv(By) n conv(B) = 8 085(Y | Z,9.9) = 5, Yy — os(1 + exps)]

MAP with geometry priors GraphHull uses o(njj) directly for link prediction: no

ost-hoc classifier.
logp(Y,©) = > [Vimi; — softplus(n;;)] P
(4,7)ED

K
+ 3" [log det(Ly) — log det(I + Ly)]
k=1

+ [log det(L) — log det(I+ L) DPP priors repel vertices; non-edge subsampling reduces

Z likelihood cost from O(N?) to O(|E|).
27‘2 9i — 21’2




What the model recovers: geometry and adjacency

PCA Component 2
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Latent hulls: global archetypes define the outer hull; each

local hull captures one community.
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Reordered adjacency: first by global hull assignments, then
within blocks by argmax wi.

%,
o go. ‘“.
'f 4. .1 '. ;v‘-‘Sff'c- ﬂ.
.”: ..--..i 4 /’:-/\l :.;{ ,..:;":.
*/ % \- S 209 & /. ... # ....-
-"‘.'.:\:4"',,.”.3 . o "\{\ y %.g
O} . /;r'..;. ." ,;) -!,'.‘ ',{ ..:-‘...< 4 #
a¥':'. L o\.\o ‘.‘.J" ,‘. .-.:’f: :‘
n p e g .‘ ° “.~ .*/
ol e®

Circular plots for each community-specific polytope




Effect of €: separation, volume, and performance
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Local-hull singular values under no DPP, DPP,
and upweighted DPP (k=5).

Takeaway: € <1/2 keeps identifiability; increasing € expands hulls and improves expressivity. On HepTh, high
performance is already reached near the identifiable boundary.




Results: link prediction and node clustering

Link prediction: AUC-ROC at D=64 Node clustering: NMI / ARI
Method AstroPh GrQc HepTh Cora DBLP Dataset Cora Citeseer LastFM Pol
Node2Vec .962 .936 .892 777 .941 Best NMI 486 .320 .605 727
Role2Vec 965 934 895 752 944 GraphHULLNMI 422 347 616 757
MNMF .954 918 875 .680 931 Bost AR M7 200 500 91
Dmon 861 .866 .807 788 791
GraphHUlLARI .333 372 514 .820
GraphHull .965 945 .904 .803 948
5/5 wins or ties at D=64 5/8 best metrics
with direct generative logits strongest on Citeseer, LastFM, Pol
Accuracy is paired with explanations: ci gives the community, wi gives prototype membership, and nij explains each predicted edge.




Takeaway

\

GraphHull = generative embeddings
with explanations built in.

Global archetypes define pure community profiles.
Local prototypes capture within-community variation.
Anchor dominance yields disjoint hulls and identifiable assignments.

Generative edge logits connect the geometry directly to link prediction.

Identifiable. Interpretable. Competitive.

Thank you!

See you at the poster!
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