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1. Abstract

We propose Automatic Relation-aware Graph Network Proliferation
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(ARGNP) for efficiently searching GNNs with a relation-guided @O )
message passing mechanism. 2 VEAVEAY

The main contributions are summarized as follows:
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1. We devise a novel dual Relation-aware GNN Search Space that node features (V) e s
comprises both node and relation learning operations. These s el Bizamieh Bipars BRelion SesschSpace
operations can extract hierarchical node (relational) information and The proposed dual relation-aware gnn search space comprises:
pEoIEle anleeiopie ritnes for message passing on 2 gl 1. Node-learning operations 2. Relation-mining operations
2. We design a Network Proliferation Search Paradigm to implement the anisotropic extract relational information
progressively determine the GNN architectures by iteratively message aggregation under the hidden in each pair of edge-
performing network division and differentiation. guidance of relation features.  connected nodes.

3. Network Proliferation Search Paradigm
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Algorithm 1 Network Proliferation Search Paradigm
Input: a search algorithm 4, architecture size S
Output: a graph neural architecture defined by {V,LL}
Define: e( X, X;,0) is a link from X, to X; with an
operation O, where O € {0, 6}, 0 is the mixture operation
1: V<« {X 1}
2: L+ {e(Xinm Xl, 5), 6(Xin1 , Xl, 5)}
3: while True do

4: // network differentiation
Xouto Xout1 : Xouto Xout1 Xoutg Xout1 : Xouto Xout1 5: VT = V U {XZ’I’L() ’ inl}
o) ( )(0)( ) S G2 )(i)( ) (o) ) 6: Create a graph neural architecture G from {V,., L}
: Initiali ith t
differentiation differentiation differentiation ;: PI:r;?)rlélesgaKIh a?;;;ﬁ?;?ﬁ SS .A(g)
9; if len(V) > S then
The network proliferation is an iterative process, which consists of: o S i
11: // network division
° e o ° o o 12: Vm <—V,]Lm %L,l%l V
I. Network division: 2. Network differentiation: 5 for X in Vo, do )
S . = - - 14: V< VUiX;
divides each feature vertex into two aims to differentiate each local Lo LU {{e( ;@,’,}XM o)
. _ * : 16: for €<XS,Xt,O)’t:2‘ n Ltmp do
parts and constructs a series of local super-network into a specific - L LU, Ko )
super-networks. sub-network. 18 Limp L. |
19: for G(XS, Xt, O)‘SEVtmp,S—Fl;ét mn Ltmp do
20 L « LU {e(X,11, Xi, O)} /{e(X,, Xi, O}

The spatial-temporal complexity is reduced from 0 (n?) to 0 (n).

4. Ablation Study on Search Space 5. Ablation Study on Search Paradigm
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I. Mining relational information can significantl
. & , . g . y a. L denotes the size of the searched network. 3. The proposed search
improve the GNN'’s reasoning ablhty- b. Cell indicates whether to use cell-sharing trick. paradigm works well with
2. Searching with relation-aware GNN search space ¢. NPSPindicates whether to use the network  djfferent search strategy

proliferation search paradigm. (such as DARTS and SGAS).

achieves higher performance with fewer parameters.

6. Task-based Layer

Different from traditional GNNs The Global Node Feature:

whose global graph representation Vg =a(BN(Vy Il --- 1V.]))
is only constructed on the readout of = The Global Relation Feature:
node features. Our method explicitly g = g(BN([E; Il - | E,]))

models relational information, so it
naturally constructs global graph

representation with both node and G. = LZ Vil 1 z Ei
gt Il g

The Global Graph Representation:

relation features. i€V, jEEg

8. Searched GNN Results

B. Hierarchical node features from ARGNP without relation learning

__E sy oy - Visualization of the learned hierarchical features for 3D point cloud recognition
E _{in0} E Sub(+V {inl}) E_Had(+V1) \
E Had(+V_{in0}) E2 E_Sum(+V2) 3 Eout
- E Sub(+V {in1}) . g . .
E tint) . 2 rpae 1. The learned hierarchical relation features represent different
E Sub(+V {inl}) . .
message passing preferences and can guide better message
3 ax(+E {inl} . . .
V1) | Ve ) B VGema(rE A~y vax+E3 passing mechanisms to learn more effective node features.
V_Sum(+E_{in0}) V2 V_Max(+E2) A2
V {in0} [V _Max(+E_{in0}) V Max(+E1) —
v 2.  ARGNP can capture the structural information and well
discriminate different parts of the object, which is significantly
The searched GNN architecture with the size of 4 on the ModelNet. better than traditional GNNs without relation learning
: : : architecture.
1. In the node search space, it 2. In the relation search space, it
prefers to choose V_Max as the  prefers to select E_Sub and E_Had
node-learning operation. as the relation-mining operation.

Thanks for your attention.



