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X PROBLEM F(v) Fle) Flu) Q: Can we measure the total disagreement at each node?
Mos_t of GNNs prgsent an accuracy degradation in heterophilic Fo AR » Space of 0-Cochains: C%(G, F) i= @, ., F(u)
settings/when adding many layers: ,_\ = > (
* Rely on the Homophilic Assumption. Fuse » Space of 1-Cochains: C*(G, F) := @, ¢ F(e)
+ Suffer from Oversmoothing Effect.
» Co-boundary Map: § : C°(G,F) — C*(G,F)
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o SOLUTION > SHEAF NEURAL NETWORKS h Measures the nodes disagreement
. s () (& U
» False Assumption: Graph Nodes live in the same global ’
) A: i =47
feature space. How to move a vector x from v to u? Build the Sheaf Laplacian L5 = &'4
* Assign a v'ec_tor space (stalk) to each node and edge and Moving x € F(v) — F(u) is done via Ly(x), = Z FugeXu — FoaeXy)
learn restriction maps (and transport maps) among them. Pl -
L y maps composition! u,vde )
Fihe Foaex € F(u)
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Polynomial Neural Sheaf Diffusion Long-Range Influence ————————
) I Research Question
* Model-agnostic SheafNN framework to perform diffusion @
explicitly in the spectral domain. 1. Long-range interactions require stacking many layers
; ; Can we think Sheaf Diffusion under a ) - ] e ’
+ Applies Orthogonal Polynomials filters to the spectrally : : - Increase computational cost and intensifying the
rescaled sheaf Laplaci Spectral Perspective, and if yes, can ]
placian. thei ies for Sh o oversmoothing.
+ No need anymore for large stalk dimensions. we use their properties for Sheaves?
+ Same asymptotic cost of stacking K NSD-layers but without | & Explicit K-hop receptive field/diffusion/long-range mixing
Laplacian re-assembly. within a single layer.
. Controllable frequency-selective operator, enabling direct control over the diffusion
Double Interpretation: 2 . a ¥ ; P ’ 9
o . behaviour (low-, band-, or high-pass).
1. Spectral: Frequency—selective filter on the sheaf signal.
2. Spatial: The degree K determines the receptive field, mixing information across - Gradient-based Influence Decay to demonstrate persistent Long-Range influence.
all paths of length up to K in a single pass.
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/ 1) Lifting Step 2) 0-Cochain Formulation 3) Restriction Maps Computation 4) Sheaf Laplacian Construction \
Diagonal cells N
Vector Spaces Off-Diagonal cells
Li= Y FroFu Lij= = F) o Fuye
Node Features d { 121 L]
F(v; v V2 U3 V4
X1 Force : Flvi) = Fle) ) = =
X2 V2 —_— b Ar
X3 ¢ o N[ Foe s Fv) > Fle) ( > > ===y
- v:
X 3 3
[*4 ' MLP Stack V4 nd ¢ RNdxNd :
e~ g vy T ]
h 4 ’ F = [Lijlicican<j<a
X% € RF xSheal ¢ gaxF X € RWOXF Vi eij vj :
/ !
1
If Spectral Filter :
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v1 1 Abstraction 8) Terms Aggregation + High Pass Correction 7) Polynomial Evaluation i
1 K T T L 6) Sheaf Laplacian Rescaling 1
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10) Sheaf Diffusion + Graph Task 3 T A 1 L AV
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— 9) Gated Residual Update 539 5) Spectral Upper bound Estimation
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Experiments & Results )
. PolyNSD VS NSD — #Layers Ablation
Discrete Models
Layers 2 4 8 16 32 Best  PolySD Improvement
Texas  Wisconsin  Film Squirrel Chameleon  Cornell  Citeseer  Pubmed  Cora : — _ _ _
o ere Mo i et Gl G e G Continuous Models e
e B s e o me dee s Tows Wocomin__Fim__Sqie_Chamlon_Corml__ G _pubnie__ o s o Tt
Klases s s 5 5 5 s 7 B o Homaphiy o o om e om o
DD RIS R V05 61100 TS 00 5571 B0s0n WD B oaee samozmo 8 s DRENSD IS0 020051 9924052 659242039 DG 4
BundieboySD 974152 BA1AN T45086 55762202 TLIE- Lo 8676490 TE004 SIELM iuses 3 s f s 's s 7 ; : BundicNSD $7705056 $7855042 $790:036 §1.632047 103L4T2
GenerlbolySD 592 o i1y T2 agaiss peaniate TI2is1s 9T SeaTatas : 2 — i e e e
PlySpectlGNN 64594640 04 250085 SITIEIT6 QS0 LW (040 TTH0S 6206 ConDRCRRSD il ot R0E0l 970 T8 Gl i T T GO 91484060 1634036 130068 0000103 29334025
RSNN-NoT 7892428 9 A SIMAIT st e Tairss stsss sstoslal LSSl BT W o O T o P e T s s
RiskN s6341372 @ M 00 651520 65501 ORI IR KL CuDL Boriass deerin p
HSNN-NoW 7301453 S WA S48 Goiiide MILe3n POLIA W0 MWL CmOGND L0 Msid S0y iﬁléiié? AL 60 T IL16) B12E0% §25§ii§l Chameleon (1=0.23, #N = 2277, #E = 31,421, #C =)
JASNN 87.3745.10 2 NA 49894171 sﬁ«uzsa 85414455 73274186 88194055 85434173  Cont Gen-NSD 2 85294331 37284074 6404228 8460468 7754172 89671040 874540, DiagChebySD: 70.57::1.32 ¢
ComeNSD 8616224 7 D12 ISI2LST 6521200 $595LTT TSOILI WIL0W B2 prep WAL BLITELSS JSEH0M D06EII WIIE00 8595682 ToREI60 HALOR Wi ComerChetSD, 6739825
san $4054533 7 TS 0965140 6465190 SIS0 TSTEIS0 §120030 S GRAND TR0 A6 S0 D00 SR 16109 TdeslT) HRL0S 10
ANSD 85681469 0 661140 S4D2176 214 05 TSR WBAL0T 20103 COW Al AT i DD i wmin W0 SRS DS e e e sl wsie awns
Dig NSO 864695 5 SI101 ST GHGHL1TS S6A0LTIS TLULISS 1424043 K1104106 o e i e ioaan
ODNSD  BS9SESSI Al 470 SA1LLIS S04 L3 GROLLSE $486E471 T61015T 9494040 BGS0LLIY Bundt RSB 47, ,m 4 siinon 5057:;353 btz nosiaas 4
GansD 2974513 B4 9800122 SUTEIA 61932158 $568E651 76324165 9334035 E1I0411S o W m Mim msm mm zuﬁ;gu i
TGN BABeuTa H6eeion WI04100 ALIE6 11215 S 0o TSNS Bosae0m ETHA12 Long-Range Impact - Influence Decay e e
GPRGNN 7838436 1 34634122 31615124 46585171 80274811 77.13£167 87.54+038 87.95+1.18 SQUIRREL | Infi d hop dist: log-scal Squirrel (h=0.22, #N = 5,201, #E = 198,493, #C = 5)
FAGCN 82434689 5 34874125 42594079 55224319 79.194979  NA NA NA L | Influence decay vs hop distance | log-scale DiagChebySD: 47.72::1.20 (K=16), #params=174,675
MixHop 77.8447.73 90 32.224234 4830+148 60.50+2.53 735146.34 76.26+1.33 85. 61 87.61+0.85 BundleChebySD: 44.48+3.22 (K=16), #params=176,913
GCNI 77.5743.83 40 37.44+130 3847+1.58 63.86+3.04 77.86+3.79 77.33£148 9 13 88374125 GeneralChebySD: 42.02+2.50 (K=6), #params=179,785
Geom-GCN 66.76:42.72 66 31.59+1.15 38154092 60.00£2.81 60.5443.67 78.02:1.15 59 A7 85.35+1.57 07
PairNorm 60.274+4.34 14 27404124 5044+204 6274+2.82 58.9243.15 73.59+147 87.53+044 8579+1.01 s DmngSD 4l. 2’! £1.17 42(62#1 .83 &2‘05#54 20‘3()11'33 ON(/)/?/I ”161
Qemaon Bl fti umiaw Lo Ania Ran e woaw wely e w5 ol oSl whe e w3
poe S2IGHGE 494140 2 HL08 0724155 026250 GLILSS T6552123 BI0LLI0 86334048 o e v o Cwem e
MLP 80814475 85295331 36534070 28774156 46212.99 81894640 74.02£190 7569+2.00 87162037 5 100 params 170777 185469 NA NA 1854
» New s.o.t.a. results on heterophilic and homophilic datasets. %m,,, » Pick best K for the three models and run #layers and
» Diag models invert NSD* trend > performances speed-up. £ .|« oucuso #channels ablation.
» Stalk dimension has not big impact as it was for NSD. R [ » PolyNSD has low K for homophilic and high K for
» No Oversmoothing >High results if L increases. ) - oo heterophilic datasets.
» Same is valid for the Continuous Neural Sheaf Diffusion. T T T Y » Even if more layers/hidden channels, PolyNSD is better
fopanced - Parameter Savings.
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