Where Multi-View Learning Meets Graph:
Collaborative Graph Mixture of Experts

Appendix

A Experiment

A.1 Supplementary Experiment

To further validate the effectiveness and scalability of the proposed MvCGE, we also test it on two
large-scale graphs, including a single-view graph OGBN-arXiv, and a multi-view graph Freebase, and
record the Micro F1 scores. For the
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time complexity is linear to the number
of nodes and edges. It is worth noting Figure 1: The classification performance of MvCGE on

that we can control the number of graph two large-scale graphs.
experts to achieve efficient inference.

A.2 Dataset Description

Table 1: Summary of datasets used in experiments

Datasets \ # Nodes # Edges # Node types # Views # Classes
ACM-M 8,994 25,922 3 2 3
2 DBLP 18,405 67,946 4 3 4
> IMDB 12,722 19,120 4 3 3
£  YELP 3,913 72,132 4 3 3
S AMINER 55,783 153,676 3 2 6
Freebase 180,098 1,645,725 8 7 7
ACM 3,025 13,255 1 2 3
% Citeseer 3327 4732 1 2 6
% CoraFull 19,793 65,311 1 2 70
=  Flickr 7,575 239,738 1 2 9
£ UAI 3,067 28,311 1 2 19
arXiv 169,343 1,166,243 1 2 40

The statistics of the datasets used are summarized in Table 1. Detailed descriptions of each dataset
are provided as follows:

ACM-M [Wang et al.,|2019] is an academic graph dataset comprising three types of nodes: paper (P),
author (A), and subject (S). It includes four types of edges (PA, AP, PS, SP), and the task is to classify
papers based on their research domains. All nodes are leveraged to construct citation networks, paper
content, and other data integration studies. We employ the meta-path set {PAP, PSP} for experiments.
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DBLP [Wang et al.,[2019] is a graph extracted from the DBLP network, consisting of paper (P),
author (A), and conference (C) nodes. All the nodes are classified into four categories, i.e., author,
paper, term, and conference. The meta-path set { APA, APCPA, APTPA} is employed to conduct
experiments.

IMDB [Wang et al.,[2019] is a movie dataset containing four types of nodes, i.e., movie (M), actor
(A), director (D), and year (Y). Nodes are divided into three classes according to the movie genre.
We perform experiments using the meta-path set {MAM, MDM, MYM}.

AMINER [Hu et al.l2019] is a scholarly heterogeneous graph constructed from paper (P), author
(A), and reference (R) nodes. There are two types of metapaths { PAP, PRP} that are leveraged, with
the classification task focused on paper domains.

YELP [Lu et al.|[2019] is a subset derived from the merchant review website with four types of nodes,
i.e., business (B), user (U), service (S), and level (L). We generate the meta-path set {BUB, BLB,
BSB} for our experiments.

Freebase [Lv ef al.,2021] is a large-scale knowledge graph that includes eight node types: book (B),
film (F), location (L), music (M), person (P), sport (S), organization (O), and business (U). We take
the meta-path set {BB, BFB, BLMB, BPB, BPSB, BOFB, BUB} for the experiment.

ACM [Wang et al., 2020] is a paper network. Different from the above citation networks, the edges
denote the co-author relationships between any two papers. Another difference is that the node
features are bag-of-words representations of papers’ keywords.

Citeseer [[Yang et al.,2016] is also a well-known citation network with nodes, node features, and
edges having the same meanings as Cora. Similarly, the papers are grouped into 6 classes.

CoraFull [Bojchevski and Gilinnemann, |2017]] is a citation network containing a number of machine
learning papers. Each node represents a paper, and the edges represent the citation relationships
between papers. Node features are the bag-of-words representations of papers, and all papers are
divided into 70 categories according to their domains.

Flickr [Huang et al.,[2017] is a social network, where nodes represent users and edges represent that
a user has added another user as a contact. All users are grouped into 9 categories according to their
interests.

UAI [Wang et all 2018]] is a webpage network that has been used to test GCN for community
detection. Nodes represent web pages and each edge represents a citation between two pages.

OGBN-arXiv [Hu ef al.,|2020a] dataset is a citation network with 169,343 computer science arXiv
papers, where each node is an arXiv paper and each edge indicates that a paper cites another paper.
Each paper has a 128-D feature vector, which is obtained by averaging the embeddings of words in
its title and abstract.

B Complexity Analysis

The graph experts and routers are two main components of MvCGE. Using a simple first-order
graph filter—GCN layer to implement each graph expert, and assuming the input feature dimension
D > D, for any I, the computational cost of each graph expert is O(ND? + |£|D). Then it is
O(NDE + |€|D) for the routing mechanism. Since we only route each sample to K graph experts,
we have O(K N D?+ K |€|D) for each MvCGE layer when D > E. When constructing L layers and
processing V' views, the total computational complexity is O(LV K ND? + LV K|£|D). Therefore,
when the number of experts E is not too large, properly increasing it and controlling K can expand
the model’s capacity while preserving efficiency.
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