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Abstract: The development wave of general artificial intelligence drives the generation and processing of massive data,
and large-scale and heterogeneous graph data networks constitute an important foundation of the digital world. However,
the continuously growing scale of data not only increases the difficulty of graph data processing, but also creates the need
to reduce graph size and maximize the amount of graph information. Existing methods make it difficult to synergistically
control the graph size and optimize the amount of graph information, which limits the effectiveness of graph data analysis
and processing. In response to the need for balanced control of graph data scale and information content, the graph reduc-
ing problem with scale regulation as the constraint and information maximization as the goal was proposed. Specifically, a
graph fusion algorithm and a deep reinforcement learning-based graph reducing algorithm were designed to solve the
problem, including graph reducing operations such as node fusion, composite mapping, and methods used for similarity
metrics. Experiments verified the balanced regulation ability of the reducing algorithm, and comparisons with four algorithms
across three evaluation metrics—feature similarity, graph similarity, and edge information loss—showed that the proposed
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graph reduction method could achieve performance improvements of at least 20.7%, 19.9%, and 26.3%, respectively.

Key words: graph reducing, deep reinforcement learning, scale regulation, amount of information, similarity
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K-mleans GNI[M MELFIS Louvain GRDR
ik
B8 BRIAKLE T Bk Rt L
AL R T I SRR RE X E LR 2. iR 2

AR, B RIESZ AR S M K . B A 24 R A
1784k, B GRDREE, HR4FEIEE G ot
IR B kA48 4k, METIS 5 Louvain 7E F,, ]
BT ARAE T2 fEE, fobr L, HAR4MHE
LI T GRDR B 2 E % k. GRDR1E G,
HE, iR ERER TR, (HAE H AR L B R
NI, F FRPRRIMANEE . 31X 3 BRI A M AT 22
JIHLEIR T F,, BB HEAK, {545 GRDR 5 i =
TR E, FEbR, XUl B E LR AR N, 2
T R, 5 R, RIFLE, LALRIEGRDR{E F, 485
.

*=2 FEILERE T B AL

EANITRE S A7 S G, Fn Eposs

K-means -3.35+£1.06  -3.09<1.07 0.27+0.11

GMM -3.34+1.01  -3.07+1.01 0.27+0.12

6 METIS -3.65¢1.15  -3.35£1.15 0.30+0.12
Louvain -3.54+£0.96  -3.23+0.96 0.31£0.13

GRDR -2.13+0.68  -1.96+0.70 0.17+0.11

K-means -3.17+£0.82  -2.72+0.84 0.44+0.14

GMM -3.12£0.90  -2.67+0.92 0.45+0.14

4 METIS -3.38+0.87  —2.84+0.87 0.54+0.16
Louvain -3.67+£0.48  -3.20+0.46 0.48+0.14

GRDR -3.10+0.94  -2.79+0.98 0.31+0.14
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5% MIPERESE T TMi/E SEARATEHESRE N, GRDR
MITE E, ., AL 2 /D315 43 2% R 35

*=3 T REIERRE THE A M REXT L

PR Bk G, Fy. Epoe
K-means -3.18+1.02 -2.77+1.05 0.41+0.15
GMM -3.14£0.99  -2.73+1.02  0.41+0.15
ei METIS -3.44£0.92  -2.95£0.99  0.49+0.19
Louvain ~ -3.49+0.83  -3.08£0.56  0.42+0.15
GRDR  -2.61+0.88 -2.32+0.86  0.29+0.15
K-means  —3.44+1.05 -3.09+1.08  0.36+0.14
GMM -3.38+0.99  -3.02£1.01  0.36x0.15
PRA METIS -3.61+1.07 -3.15+1.11  0.45£0.21
Louvain ~ -3.68+0.82  -3.31+0.86  0.37+0.17
GRDR  -2.94+0.91 -2.73+0.87  0.21+0.13

ANFRFERCE N IEEST LR 4. WK 40T
L, GRDREA [FRFERCE T B 5 B
SHIEEE,, PR R, WA F,, I, GRDR
5 METIS B AE b FRAS A f5 kAR R Lo g A8 4k, 3
iy 3 FhEVEAE EL IR R AR T /MBS -

=4 T RFHENE TR A M REXTEE

FRHE L FR Bk G, Fon E\o

K-means -2.55+0.82  -2.18+0.83  0.36+0.13

GMM -2.52+0.81  -2.15+0.81 0.37+0.14

8 METIS -2.77+0.79  -2.32+0.82  0.45+0.18
Louvain -2.95+0.69  -2.54+0.72  0.41+0.16

GRDR -2.07+0.73  -1.81x0.74  0.27+0.16

K-means -1.41+041  -1.05£0.40  0.38+0.15

GMM -1.40£0.38  -1.02+0.37  0.37+0.14

4 METIS -1.61+0.39  -1.16+0.42 0.46+0.17
Louvain -1.59+0.36  -1.19+0.35  0.40+0.15

GRDR -1.16+£0.32  -0.90+0.31  0.26+0.14
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