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Motivation Decoupled Greedy Learning GNN Complexity Comparison
Improve the efficiency of GNN training: * Method: Methods Memory (per GPU) _Time
. Problem 1: Recursive computation * Decouple the GNN into different layers, append one auxiliary Full Bacch GON @Efgsfg; LK 2}(2) O Aok e T, ff} |
o Problem 2: Update-locking greedy objective (node classification) after each layer, and VR-GON O(LNKY LK)~ OGDTKso, + iTKE )
 each layer heavily relies on upper layers’ feedback to enable parallelization. . . LADIES ottt 1) i T prxen
up-date itself * Leverage the Lazy Update scheme to improve efficiency. ClusterGCN OBLK 1 LK?) O(TL| A% + TLNK?)
* it must wait for the information to propagate through * Analogy: block coordinate descent method. LU.DG AR S 44 i Ll

LU-DGL-GCN (ours) O(NK + 2K?) O(T||Aljo K/ Twait + 2TNK?)

* Main Algorithms

Algorithm 1 Decoupled Greedy Learning (DGL) of GNNs

Require: Normalized Adjacency Matrix F'; Feature Matrix X ; Labels Y ; Total Number of Itera-

tions 1'; Total Number of Layers L.
1: Initialize: H©® = X :

the whole network before updating Tab.1 Summary of Complexity. D is the avg degree, b is the batch size,

Snode and Sjgyep are the num ot sampled neighbors the sampling-based

baselines, K 1s the dim of embedding vectors, L i1s the num of layers, N
1s the num of nodes 1n the graph, A 1s the adj matrix, T 1s the num of
iterations, Ty, ,i¢ 1S the waiting time for LU-DGL-GCN.

Results

Main Contributions

* Introduce a decoupled greedy learning algorithm for GNNs e
* achieves update-unlocking Aiarhiriseleyt

* c¢nables GNN layers to be trained 1n parallel 4 HO=o(FHEYWD)  // Get node embeddings and store them as HO.
. ) [ [ . [—1 . [ [
e J.ess tlme, less per_GPU memory, gOOd for 5 (WO, 0W) « Update with Vloss(w(z),@(z))(Y,H( ), F; WO 0W) // Update pa-

citeseer pubmed

: C . : rameters.
time/hardware-limited applications e for i mem| tme | ac mem tme | ac  mem tm
° LeVerage a lazy_update Scheme 7. end for GCN 77.8+13 317 422+10 655+24 679 33.1+12 748+26 1379 469+ 20
° F th . ff . - - - GIN 77.0x1.1 317 37.7x1.2 65812 679 37116 754x23 1379 46320
urtner 1mproves ¢ 101.6ncy Alg01'.1thm 2 Deggupled Qreedy Learnl.ng (DGL) of GNN? with Lazy Update Scheme LADIES(64) 788+ 08 3.1 315408 666+12 59 325+ 13 779+24 19 339+15
* Our method can be used 1n more general cases: Require: Normalized Adjacency Matrix F; Feature Matrix X ; Labels ¥'; Total Number of Itera- LADIES(512) 798 £15 74 323408 668+36 139 359412 783409 44 383+ 16
° n()t hmlted tO the deep GCN mOdel tl().n.s T; TotAa%OI;Tumber of Layers L; Waiting time Tlazy' FastGCN(64) 553+48 3.1 368+21 359+10 59 345+17 412+05 19 346+14
. . . . 1: Initialize: H — FX’ FASTGCN(512) 79614 74 37.1+1.7 66.7+14 139 358+18 76712 45 374+ 24
° nOt llmlted to. nOde .C1a881ﬁcat10n ta.Sk . 2: for t=1toT dO LGCN 804+09 6.9 1196 115 67.1+1.7 147 107958 76.2+1.6 29.1 141.8+12.8
e can be combined with other Scalablhty-enhanCIHg (GNNs and 3 forI_lI(; 1_t0 IIL:I (%lo—l)W(l) - P LU-DGL-GCN(50) 780+13 69 141+04 648+63 147 139+02 769+53 292 149+ 1.0
can be applied to other graph-related tasks N N U((l) ) [/ Getnode embe B =) wrl) o) LGIN SLIL13 69 809:22 666411 147 847622 767514 ~ 97323
5 (W, 0) < Update with Vioss w0 gy (Y, H W 0\Y) // Update param-
eters. ’ LU-DGL-GIN(1) 80.0+£06 6.9 14.0+0.2 552+39 147 140+0.1 77503 -- 15.9+0.2
6 lf (t mOd fl"’lazy 0) then LLADIES(64) 804+08 0.7 55.5+0.9 66.5+12 13 595+14 78406 04 66.7 + 0.7
COnventhnal GNN and Layer-WISe G‘\‘ ‘\‘ 7. H(l) _ H(l) // Getpropagatednode embeddings and store them as I:I(l). LLADIES(512) 80.6+1.1 1.6 101.5+3.1 689+10 28 966+36 76707 09  103.1+35
3 end if LU-DGL-LADIES(64,1) 774+ 14 0.8 13.2+02 500+14 13 13.7+£05 76815 04 14.7+0.3
input aggregation transformation classifier @ summation (] one GNN layer 9: end for LU-DGL-LADIES(512,1) 80.0£0.6 16 137+05 543+42 29 13801 775+12 10  148+03
 Conventional 10: end for e Compare GCN, LGCN, LU-DGL-GCN: Our method is very
GNN .................... classifier @ summation [:] one GNN layer —> forward ==+ backward efﬁCIent , lt can save tlme and per_GPU mem()ry Wlthout tOO
0  Conven ‘ Layer. ‘  Layer- ‘ much compromising on performance.
i , ! | ! ! ! vee , ; : tional wise wise i .
| [A T J m{ AT J®( 1&g J © [ AT } ® € o i€ o i€ o i€ + Compare GIN, LGIN, LU-DGL-GIN: Our method is not
X i i H i 2 ® T | ® ® ‘ : ‘ : limited to GCN but can be combined with other GNN models.
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Tayerwisa  Layerl. ' [ LayerL | Layerl. vl »  Compare LADIES, LLADIES, LU-DGL-LADIES: The
:GNN i Stagel Stage 2 Stage 3 Stage L 5 TN 5 5 I 5 THEE proposed method can be combined with other scalability-
| P | ‘ | ‘ P ] T | I | 9P ] ‘ I T I enhancing methods for GNN.
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Figl. High level framework of conventional GNN (upper) and layer-wise GNN.

The aggregation step (A) corresponds to D~Y/2AD~1/2 (=D operation and the
transformation step corresponds to a(- W ())operation

Fig2.

Signal propagation process for 3 GNN training methods: Conventional joint

training, Sequential layer-wise training, Parallel layer-wise training. Arrows of
different colors represents different batches of data.
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