ICML

International Conference
On Machine Learning

Jaeyoon Sim' Soojin Hwang'! Seunghun Baek! Guorong Wu?* Won Hwa Kim'

Medical Information
Processing Lab

'POSTECH, “UNC Chapel Hill

INTRODUCTION MULTI-SCALE HYPERGRAPH LEARNING (MUHL) EXPERIMENTS RESULT
Problem 1. Pairwise Problem 2. Restricted Our Approach: Graph  Wavelet Hyperedge - — (2) Zero-Shot Classification Performance
imitati ' ' Lapl B Scal Projection (] L_
Limitation Hypergraph Learning Multi-Scale Hypergraph Learning 2 Subject aplacian jEasce LN m— J = =18 SINE e IR Loss | Table: Zero-shot classification performance across datasets and acquisition phases. MuHL and baselines are trained on
. . " Parameter eS| LER a source dataset or phase and directly evaluated on unseen target datasets or phases without fine-tuning.
Transf : ADNI-2—ADNI-1/3/GO PPMI— TaoWu PPMI—Neurocon
01 % Encoder ggr?\%%?l%?] rgrr:i(;)éger Classifier : Method Acc 1 Pre T_> Rec 1 Fis 1 Acc 1 Pre 1 2 Rec 1 Fis 1 Acc 1 Pre T_> Rec 1 Fis 1
1.0 @ BrainGB | 42.9+32 484+81 365+24 344+43 530+1.2 641+68 530+1.2 435+40 629+64 525+28 51.6+7.3 451+5.3
/ ¥ % e H — o BrainNetTF | 435+ 8.4 48.9+24 508+28 448+16 50.0+1.6 46.0+3.9 500+1.6 462+46 629+44 627+81 550+56 50.3+8.7
Learnabl @ Fixed 1.0 @ g=W,é) S Sj & parsity 3 I ALTER 43.8+3.0 468+20 54.6+6.4 443+23 545+1.9 651260 525+19 453+44 63.8+£3.2 63.8+7.6 553144 51.7+8.0
carnaoie 1.0 . —> : . : % aX BQN 523+29 395+6.3 328+77 390+76 57.0+4.0 563+46 550+4.0 495+3.0 551+37 478+32 483+29 468+29
nietants rielong Brain Network  Node  Filtered Node  incinges Hypergr"f‘ph Trans ol Label dWHGCN | 52.8+2.9 48.0+27 57.0+£2.8 48.8+3.1 505+29 451+52 505+29 36.0+45 609+27 59.3+34 536+37 46.1+7.0
\ \ Feature  Features Embeddings Matrices Embedding Output HyBRID | 476451 467+46 533+29 440+52 562431 538+35 498+47 447-+38 634+24 517+25 500+42 488-+3.6
0.8 @ 1.0@ 1.0 @ 02@ @ 07@ ' MuHL 56.0 + 1.6 52.1 +6.1 58.4+8.3 54.8-7.7 60.5+1.6 72.8+24 60.5+1.6 58.9-3.0 659+3.4 68.1+3.3 57.3+£3.2 53.7+3.6
1.0 P 0.5 Adaptive Multi-Scale Hypergraph Structure Learning Multi-Scale Transformer
@ ’ ‘)1.0 @ Feature Filtering
: : e (3) Identifying Key ROls via Hyperedge Activations
Pair-wise Relations Only Predefined Hyperedges | | Adaptive Hyperedge Discovery > (1) Adaptlve MUItI-ScaIe Feature Fllterlng
Missing Group Interactions Hyperedge-level Weights | {-—‘1 5 = L Node-level Group Activations e Extract SCa|e'SpeCifiC ROI features using learnable graph wavelet scales. el 06 Lot 232/ 1.00
Fixed Node Contributions Uniform Intra-Group Nodes T Multi-scale High-order Patterns Xs- _ ng (S' /\) UT X, _/ _ 17 | J AON| 153 ey N o s ‘ ~15; &58 153{.3541Q159 15?&@?1’542153
/ / 3 .1 - 8160~‘ 106 153 ."’ el 159 159@ &153 151 152158 157 157 158 152 151
> Problem: o where X is the ROI feature matrix, U and A are the eigenvectors and eigenvalues of the graph o - 157 10692151 151902 108 157 '
.. T . . . Laplacian, g(-) is a spectral wavelet kernel, and s; is a learnable scale parameter. 0.43
1. Pairwise Limitation: Existing graph-based brain network models mainly .
: : : ey : - : . @9 9@ -
capture pairwise ROI connections, limiting their ability to model group-wise » (2) Hypergraph Structure Learning 33 ) of b 4133 33 e o
. . . . . ¥ « ' 9 64 42 9@ . 42
interactions among multiple brain regions. e Construct adaptive hyperedges by projecting node embeddings into hyperedge space. PPMI o e % :3;2 \'1.2 L7763‘ y: s ) 12':;1 63 '7;;33 32 3 ‘\33‘;’7.4163
. . L ' A A 5 9
2. Restricted Hypergraph Learning: Existing hypergraph-based methods often Hs — Softmax (ReLU(Xs®)) ,  Hs, = TopK, ( H. ) ° o P h e ligd B o Cad e N
rely on predefined hyper r only adjust hyper -level weights, without full o
le yrr?'n pnedde | ed | ypt? eggﬁs OttOrny adg;]JSr;[ ypﬁ ﬁdger Z el weights, without tully e where X denotes the embedded node representation, ¢ is a learnable hyperedge projector, e =
earning node-ievel activation patierns within each nhyperedge. Hs IS a soft incidence matrix, and Hs IS Its sparse version with at most n hyperedges per node. Idx ROl Act. ldx ROI Act. ldx ROI Act. ldx ROI Act.
> Contribution. 154 | (L) Globus.Pallidus 1.000 160 (R) Globus.Pallidus 0.963 41 (L) Amygdala 1.000 33 (L) G.Cingulum.Mid 0.974
. . 159  (R) Putamen 0.944 153 (L) Putamen 0.941 42 (R) Amygdala 0.948 77 (L) Thalamus 0.939
1. Dynamic Hyperedge Structure Learning: MuHL dynamically learns rich and | » (3) Multi-Scale Transformer 157 (R) Hippocampus 0.551 151 (L) Hippocampus 0.532 | 12 (R) G.Frontal.Inf.Oper 0.939 55 (L) G.Fusiform 0.929
_ o , , , A | : h h f f A-| | di | £ : 106 (R) G.Subcallosal.Area | 0.529 152 (L) Thalamus 0.528 | 64 | (R) G.Supramarginal 1 0.888 63 (L) G.Supramarginal 0.870
implicit group-wise node dependencies (i.e., hyperedges). e Aggregate scale-wise hypergraph features for grapn-level disease classification. 158 (R) Thalamus 0.499 32 (L)G.Subcallosal.Area 0.432 9 (L) G.Frontal.Mid.Orb 0.829 30 (R)Insula 0.829

Figure: Top: Visualization of top-10 ROls with the highest relative hyperedge importance on the ADNI (top) and PPMI
(bottom) datasets. (a)/(b): outer views of left/right hemisphere, (c)/(d): front/rear views, (e)/(f): top/bottom views. Node
color reflects the relative contribution of each ROl based on aggregated hyperedge weights.

Bottom: ROls with 10 highest relative importance of aggregated hyperedge activation (Act.) on for classification. (L) and
(R) denote the left and right hemispheres, respectively.

2. Adaptive Multi-Resolution Brain Representations: MuHL adaptively
captures structural variations at different scales for hypergraph construction to
enhance downstream classification for brain network analysis.

3. Theoretical Justification: MuHL demonstrates theoretical insights that the
adaptive hyperedges are derived by modulating node features.

Fs, = HGConv(Xs, Hs), B = SWSA({ 8t 1)

e where Fg is the scale-wise hypergraph embedding from hypergraph convolution, and B is the
final multi-scale representation produced by scale-wise self-attention for graph classification.
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