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* Research is creative and systematic work undertaken to increase the stock of knowledge.

-- from Wikipedia.
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» GNN smooths the representation of each node via aggregating its own representations and the ones of its neighbors.
> Suppose D is the diagonal node degree matrix with self loops, and A = D" ~YAD ™" is the normalized adjacency

matrix. By continually smoothing the node feature with infinite number of propagation in SGC, the final smoothed

feature is

r _ 1-r
X(oo) — KOOX’ A\(l)’o] - (dl SIS 12)nfc-iﬁ: 1)

The final feature is over-smoothed and unable to capture the full graph structure information since it only relates

with the node degrees of target nodes and source nodes.
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Local Smoothing lteration

(a) Two nodes with different local structures (b) The CDF of LSI in different graphs

Figure 1: (Left) The local graph structures for two nodes in different regions; the node in dense
region has larger smoothed area within two iterations of propagation. (Right) The CDF of LSI in

three citation networks.

Idea: Local-Smoothing Iteration(LSI, parameterized by €) is defined as
K(i,e) = min {k: ||fl- — I(k)l-”2 < e},

. . _ ax\k) .
Where € is an arbitrary small constant with e > 0, I(k); ; = 62—32), vh e {1,2,--,f},and I = ().
jh

Insight: how to control the smoothness in a node dependent way ?
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Node Dependent Local Smoothing

Smooth Feature with NDLS-F (replaceable) Smooth Label with NDLS-L
P P —
>
Feature X Adjacent Matrix A X Soft label Y Adjacent Matrix A Final Prediction ¥
Stage 1: preprocessmg Stage 2: training Stage 3: postprocessing
____________________________ Details about NDLS-F N
A’s feature smoothed B’s feature smoothed

under optimal steps

) -

ﬁ % LS| Estimation LSI(A) = 4&@/@ }
LSI(B) = 2 ‘j_

-8

Figure 2: Overview of the proposed NDLS method, containing 1) feature smoothing with NDLS
(NDLS-F); 2) model training with smoothed features; 3) label smoothing with NDLS (NDLS-L).
NDLS-F and NDLS-L are pre-processing and post-processing steps, respectively.

Node Dependent Propagation — P(N DIS- F) -T- P(N DLS- |_) «<— Node Dependent Propagation

|

@ All ML models (MLP, LR, XGB, ect.) can be applied
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1 Introduction

Graphs are ubiquitous in the real world, such as social, academic, recommendation, and biological

networks 38,130, 31,10, 28]. Unlike the independent and identically distributed (i.i.d) data, nodes

are connected by edges in the graph. Due to the ability to capture the graph information, message <AL S1ERIAb e . T
passing is the co)i'e 0? many exi%;til?g graph models assgming glat labels anlzl features vary smoothriy 1 ﬁ{tl'ﬂhﬁ B 1:;;::'2
over the edges of the graph. Particularly in Graph Convolutional Neural Network (GCN) [16], the EEI’\JMessage Passi ng
feature of each node is propagated along edges and transformed through neural networks. In Label

Propagation (LP) [25], node labels are propagated and aggregated along edges in the graph.

The message passing typically requires|a large amount of labeled datato achieve satisfactory per-
formance. However, labeling data, be it by specialists or crowd-sourcing, often consumes too much
time and money. The process is also|tedious and error-prone,. As a result, it is desirable to achieve
ood classification results with labeled data that is both few and unreliable. Active Learning (AL) [1] TN
igs a promising strategy to tackle this challenge, which minimizes the labeling cost by p;ioritizing 2 .x{tﬁl%ﬁﬂ’ﬂchallenge
the selection of data in order to improve the model performance as much as possible. Unfortunately, *Dfmﬁ Eiiﬁ;&)“'_"_l\
conventional AL methods [3L[8 201 411 211 [27] [treat message passing and AL independently| without
explicitly considering their impact on each other. In this paper, we advocate that a better AL method
should junify node selection and message passing towards minimizing labeling cost| and we make
two contributions towards that end.

o
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3 . 555 5090bservation

e,
S
TS ]

Test accuracy(%o)
Test accuracy(%)

200 300 600 S00 T000 b T 3
Receptive field Iteration

(a) Influence of GCN (b) Influence of LP
Figure 1: The influence between feature/label propagation and test accuracy with clean/noisy label.

10

The first contribution is that we quantify node influence by how much the initial feature/label of
label node v influences the output feature/label of node v in GCN/LP, and then connect AL with
influence maximization, e.g., the problem of finding a small set of seed nodes in a network that
maximizes the spread of influence. To demonstrate this idea, we randomly select different sets of . =T N .
[V;| = 20 labeled nodes under the clean label and train a 2-layer GCN with a different labeled set 4 .E?Observatlonﬁ——jiu HI‘J%_ | I nS|g ht
on the Cora dataset [16]. For LP, we select two sets with the average node degree of 2 and 10. As
shown in Figure|lhe model performance in both GCN/LP tends to increase along with the receptive
field/node degree under the clean label, implying the| potential gain of increasing the node influence.

Note that in real life, both humans and automated systems are prone to mistakes. To examine the

impact of label noise, we set the label accuracy to 50%, and Figure [T(a) and Figure [T(b)|show that

the test accuracy could even drop with the increase of node influence under the noisy label. This

is because the noise of labels will also be widely propagated with node influence increasing, thus

diminishing the benefit of influence maximization. Therefore, our second contribution is that we . _ .
further[propose to maximize the reliable influence spread when ITabel noise is taken into consideratior]. 5 %a:o bse rvatl (@) n?%‘éu HI}J%_/PI NSi g ht
Specifically, each node is associated with a new parameter called the guality factor, indicating the

probability that the label given by the oracle is correct. We recursively infer the quality of newly

selected nodes based on the smoothing features/labels of previously selected nodes across the graph’s

edges, i.e., nodes that share similar features or graph structure are likely to have the same label.

&

PKU-DAIR




NN

CE PR

PEKING UNIVERSITY

: Story Line

Based on the above insights, we propose a fundamentally new AL selection criterion for GCN and

LP-reliable influence maximization (RIM)-by considering both quantity and quality of influence|

simultaneously. Under a high-quality factor, we enforce the influence of selected label nodes for large

overall reaches, while under a low-quality factor, we make mistake penalization to limit the selected

node influence. RIM also maintains some nice properties such as submodularity, which allows a

greedy approximation algorithm for maximizing reliable influence to reach an approximation ratio 6 . *EZ;EE;%*D ;Egﬁé%%
of 1 — } compared with the optimum.|Empirical studies on public datasets|demonstrate that RIM 3
significantly outperforms the state-of-the-art methods GPA [13]] by 2.2%-5.1% in terms of predictive

accuracy when the labeling accuracy is 70%, even if it is enhanced with the anti-noise mechanism

PTA [6]. Furthermore, in terms of efficiency, RIM achieves up to 4670x and 18652 x end-to-end

runtime speedups compared to GPA in GPU and CPU, respectively.

[In summary, the core contributions| of this paper are 1) We open up a novel perspective for efficient
and effective AL for GCN and LP by enforcing the feature/label influence with a connection to social
influence maximization (|18 9, 14]; 2) To the best of our knowledge, we are the first to consider the 7 £ 4t
influence quality in graph-based AL, and we propose a new method to estimate the influence quantity

based on the feature/label smoothing; 3) We combine the influence quality and quantity in a unified

RIM framework. The empirical study on both GCNs and LP demonstrates that RIM significantly

outperforms the compared baselines in performance and efficiency.
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