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B Why SGS-GNN?

GNN s typically process all graph edges, increasing computation and

I Proposed Method: SGS-GNN

gradient checkpointing

GPU memory while propagating information through noisy or task- ‘(— N — ' ) : r -
. Y . pTop g . = . g Y —3|  Structure Edge Scorer | scores W, Supervised sampled edges & thﬁSk
irrelevant connections. Existing supervised sparsifiers often lack SGS-GNN | |¢ 1ed (GNN) (MLP) | Sampling ) B GNN + Lassor
precise global sparsity control, retain costly edge-level computation — — } ~ \ | owe W[‘?L‘E;te : J +Lcons
graphs, and overlook graph homophily and heterophily. — % forward — — P backward (grad) ;a&p?uﬁvﬁ i g W
SGS-GNN addresses these limitations in the following manner: Prior distribution, Fyrior—- Unsupervised

A pHor Sampling

Precise Sparsity Control: Explicitly samples a subgraph that

strictly satisfies the target global sparsity ratio. , , , .
Fig. 2 SGS-GNN starts by computing edge sampling probabilities, then the sampler selects sparse subgraphs, and the downstream GNN operates on the

sampled edges. To reduce high memory cost of edge-scorer, SGS-GNN applies gradient checkpointing and updates only 1f supervised sampling i1s beneficial.

I Training Steps I Key Results

1. Start with a strong unsupervised prior: A degree-based sampler creates an 33 graphs evaluated

initial sparse graph that preserves important connections. 4-7% better F1 than prior sparsifiers at similar sparsity
For example, edge sampling proability 1s Pyjor(u,v) o< (1/d,, Up to 30% 1mprovement on heterophilic graphs

Up to 3.9% lower peak memory

Scalable Learning: Backpropagates only through sampled edges
and uses gradient checkpointing for efficient training.

Reduced GPU Memory: Avoids retaining edge-level computation
graphs and gradients for pruned edges.

1/d,),
Reliable Performance: Updates the edge scorer only when it

| . another option etfective resistance Pypjor(U, V) & xTLtx.
outperforms a strong degree-based sampler, preventing degradation

b 1 h b 1 DAaTA. | GSAINT-E DroPEDGE MoG SPARSEGAT NEeuUraLSp. SGS-GNN
clow the baseline. 2. Score the original Edges: A neighborhood_aware encoder (GNN with CORN. | 46.49 £2.65 43.24+220 4216+3.08 51.35+0.10 7243 +6.48 74.59 + 1.32
, , TEXA. | 69.19 £2.76 54.95+337 5730 +4.83 66.66+127 84.44+ 153 7622 + 2.02
sampled edges and Edge Scorer) estimates how useful each edge 1s for the Wisc. | 6627 +2.29 48.36+0.92 5333+ 164 56.86+0.00 52.83+47.00 76.08 + 3.14
I . prediction task REED. | 5451 £1.98 60.03+005 5575+261 55.69+025 5854+160 64.15+ 2.28
o : AMHE. | 57.40 £0.58 59.00 + 18.80 56.78 £2.05 49.00 +0.20 56.85 +75.00 72.75 + 0.59
C 43¢ StUdy * Heterﬂphlllc Graph PENN. | 68.35+0.36 65.87 + 0.30 OOM 65.00 + 0.10 OOM  75.65 + 0.41
ROMA. | 4291 £0.63 46.00 £ 1.20 39.27 £0.60 41.18 £0.07 44.91+579 64.69 = 0.12
The following is a two half-moon heterophilic graph, with edge 3. Sample Edges within Budget: SGS-GNN samples exactly the user- o s 110 1560000 27612051 2950 000 38242000 22381 098
homophlly of 0.32 meaning Only 329, of gdges connect vertices of SpGCiﬁCd percentage of edges USiIlg both learned scores and the degree pI'iOI’. JOHN. | 62.80 +0.74 64.14 + 1.75 OOM 57.57 + 0.29  57.56 + 1.06 73.80 + 0.33
h 1 AcTo. | 3053 £0.59 34.64+ 140 27.74+096 25.05+0.60 27.85+0.19 33.88 + 0.42
e same class. MINE. | 79.84 £0.06 80.00 + 0.00 80.00 + 0.00 80.00 + 0.00 80.00 + 0.10 80.00 + 0.00
4. Train on the Sampled Sparse Granh: The downstream GNN learns usin QuEs. | 97.08 £0.01 97.00 £ 0.01 97.04 £0.01 97.08+0.01 97.02+0.01 97.05 + 0.01
y | & P ph: g CHAM. | 57.11£1.22 50.60 £ 0.04 53.25+0.63 60.60+0.15 60.52+0.78 62.37 + 0.98
. . 0 Onl the Selected ed es reducin messagoe- assin and memaor COStS. Toro 78.59 +£0.21 7840+ 0.20 7849 +0.28 78.20+0.72 78.16 +£0.00 79.98 + 0.17
A GNN using the full graph 1s only about 81% accurate. Compared y g5, g gt p g Y AMAzZ. | 4575 +035 43.87+0.67 4118 +049 44.23+£005 47.05+ 047 50.15 + 0.34
to others only SGS-GNN can find sparse-subgraphs with 100% GM. 56.44 55.04 51.15 53.04 58.25 65.99
edge homophily to yield 100% accuracy. 5. Update Only When Helpful: The edge SCOTEr 1S updated only when 1ts CoRA |57.63+14.73 65.09+044 67.26+1.11 61.07+£0.39 56.68+032 65.58 + 0.69
: DBLP | 81.19+0.33 87.20+0.15 7237 +0.63 84.68+1.00 73.39+0.67 80.37 + 0.16
sampled graph outperforms the degree-based baseline. CoMp. | 90.37 +0.25 60.65+4.66  OOM  88.91+000 7532+4.11 90.97 + 0.31
PUBM. | 87.62 + 0.14 86.00 + 1.21 83.84+058 7530 £0.35 73.97 +0.40 87.52 £ 0.15
. CORA. | 85.29 £ 0.60 84.80 + 0.20 OOM 80.60 + 0.40  79.30 + 0.87  83.99 + 0.53
RX4 "Q;, ;':ﬁ%til' l Which Edges Are Removed? SMAL. | 7644 £121 7647 +031 7843073 7570043 7579 +9.00 76.94 + 0.76
P 7 SN CS 94.09 £0.09 9330 £032 72.88+£0.32 9235+ 006 9436+ 040 94.25 + 0.15
Foa e ’é FIm o A " PHOT. | 93.63 £0.25 8047 +59.10 83.84+058 9530+0.02 94.16+025 93.99 + 0.25
SN I vt Y e - Puys. | 96.23 £0.12 97.28 + 0.70 OOM 95.96 + 0.06 96.38 + 0.04 96.27 + 0.09
. '{_, i . ."-s‘._ LRy The SGS-GNN preters to drop following types of edges from the graphs. CITE. | 86.75+£0.22 7740 £0.10 7843 +£0.73 58.75+0.10 6540+ 120 86.78 + 0.28
= *3 ru&;' wiki | 80.19 £0.16 80.19+0.16 72.88+032 79.26+0.11 73.03+1.10 8149 + 0.31
: . : : : : GM. 81.36 80.36 76.04 76.78 74.89 82.87
(I) Pprior : Unsupervised prior prefers bridge edges and drops non-bridge edges
a) Input graph euralSparse (c) SparseGAT d) SGS-G - - - . 0 ' : :
57:{ _Pg 3%) P ?;T){N_t:) 50)P ng{ p: s g%){ > ooN)N (IT) L¢cg: Remove task-irrelevant edges by down-weighting them. Table 1: Mean F1-score (%) =+ std. dev. for baseline sparsifiers with
e — V. e — V. e — V. e — 1. . e . . 0 . . . .
(III) L,4,r: Discourages heterophilic labeled edges through this regularizers. 20% edges. Bold: best method. OOM: out of memory. GM: geometric
- (IV) L.ons: Discourages edges where inconsistency between edge-weight and mean, computed over datasets where all methods report results
, -,';'55..5;"-. s ol s K embedding-distance presents. Data V| & NS SG MoG SGS*  SGS+ | Imp.(%)  #
e - \':.- © % “ »
O ..;;‘é-'f-.,_. S R S o o ' AMHE. 2.24K 182K | 242asx) 3.12@3x) 744Gex) | 133 qox) 133 (ox) - 1
".-.'.;:;:.;,.',-.-,% % L, vihiie - Yl e, AMAZ. 245K 186K | 3.85@sx) 268489 450G0x) | 157 o 151@ox) | 3.2 1
TN b o A W e e, o 0 . . Toro. 11.8K  1.04M | 5.60@sx) 848 ¢2x) 42411x) | 63507%) 3.83@ox) | 39.6 2
ik Lol e E"‘-.- 2 I) Heterophilic _ - 7 (I) Task-irrelevant JOHN. 518K 373K | 8.12¢0x)  6.09 (22x) OOM | 2.72 aox) 272@o0%) | - 1
g o Tellw edge (Lagsor)_ edge (Lcg) CORN. 187K 1.58M OOM  18.79 (39%) OOM | 858 1sx) 4.80 (ox) | 44.0 2
ARXL(3) 169K 2.32M | 22.06 @7x) 22.01 27%x) 16.34 2ox) | 11.62 14x) 8.08 (1.0%) 30.5 3
(Fl -0 81) (Fl -0 87) (Fl -0 60) (Fl ~1 00) WIKI1 11.7K 432K 3.62 (1.2x) 3.96 (1.3%) 551 asx) | 3.11 qox) 3.12 (1.0x) — 1
o I B B REDD.(115) | 233K 114.6M OOM OOM OOM | 12.96 14x) 9.03 qox) | 304 115
REDD.(230) | 233K 114.6M OOM OOM OOM | 658 asx) 4.92@ox) | 252 230
-
-
. . -7 _ Table 2: Peak GPU memory (GB). SGS*/SGS+ denote runs
Fig. 1 Comparison of the full graph, NeuralSparse, SparseGAT, (f Non-bridge = 2 (IV) Inconsistent ry (GB)

without/with gradient checkpointing. For each dataset, the minimum
memory 1s normalized to 1.0 (bold); parentheses show relative factors.

Imp.(%) reports the memory reduction from checkpointing. #-METIS
partitions of SGS-GNN; NS: NeuralSparse; SG: SparseGAT.

and SGS-GNN on a heterophilic graph (|G| = 150, |& | = 870,
Train = 3%). The top row shows the input graph and the sampled
sparse subgraphs along with edge homophily (H,). The bottom
row shows the corresponding node embeddings and F1 scores.
SGS-GNN better preserves task-relevant structure in the sparse
subgraph, yielding perfect prediction performance.

edge (P, prior) edge (Lcons)

Fig. 3. Four inductive-bias cases guiding edge removal (training nodes have
red borders)
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