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Deep mutual information maximization method for
incomplete multi-view clustering

ZHANG Zhihui, YANG Yan, ZHANG Yiling
(School of Computing and Artificial Intelligence, Southwest Jiaotong University, Chengdu 611756, China)

Abstract: Multi-view clustering is a research hotspot in the field of unsupervised learning. Of the many excellent multi-
view clustering studies that have recently arisen, most assume that each view is complete. However, in a real scene, the
data are extremely easily missed in the collection process, resulting in partially incomplete views. Simultaneously, many
methods use traditional machine learning, i.e., the shallow-layer model, to learn data features, which makes it difficult
for the model to mine the complex information of high-dimensional data. To solve these problems, in this paper, a novel
deep mutual information maximization method is proposed for incomplete multi-view clustering. First, a deep autoen-
coder is used to learn the rich complex information of each view, and the knowledge of consistency among views is
learned by the mutual information between potential representations. Then, the missing data are fixed up by the com-
mon latent representation of multi-view data. Additionally, this paper uses a self-paced strategy to fine-tune the model as
it learns the samples from easy to difficult, obtaining a more clustering-friendly representation. Experiments performed
on several real datasets show the effectiveness of our proposed method.

Keywords: data mining; clustering; incomplete multi-view clustering; multi-view representation learning; deep learning;

autoencoder; mutual information; self-paced learning
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plete multi-view clustering)m]\ DAIMC' | IMG
(incomplete multi-modal visual data grouping)[35] .
UEAF (unified embedding alignment framework)[36] .
CPM-GAN'"?' PIC™ Fil COMPLETER (incomplete

multi-view clustering via contrastive prediction)[25]o
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Table 2 Comparison of model effects on complete multi-view datasets %

Caltech101-20

NoisyMNIST

LandUse-21 Scene-15

Xt HTT
ACC  NMI  ARI ACC  NMI

ARI ACC NMI ARI ACC NMI ARI

AE’-Net 49.10 65.38  35.66 56.98  46.83
IMG 4451 61.35 3574 — —

36.98 2479 3036  10.35 36.10 4039  22.08

16.40  27.11 5.10 2420  25.64 9.57
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Caltech101-20 NoisyMNIST LandUse-21 Scene-15
PUNEAWIRFS
ACC NMI ARI ACC NMI ARI ACC NMI ARI ACC NMI ARI
UEAF 4740 5790 38.98 67.33 6537 5581 23.00 27.05 8.79 3437  36.69 18.52
DAIMC 4548 61.79 3240 39.18  35.69 23.65 2435 2935 1026 32.09 3355 1742

EERIMVC 43.28 55.04 30.42 6547 57.69 49.54 2492 29.57 12.24 39.60 38.99 22.06

DCCAE 44.05 59.12 3456 81.60 84.69 70.87 15.62 2441 442 36.44  39.78 21.47
pPVC 4491 62.13  35.77 41.94 3390 2293 2522 3045 11.72 30.83  31.05 1498
BMVC 4255 63.63 3233 81.27 76.12 71.55 2534  28.56  11.39 40.50  41.20 24.11
DCCA 41.89  59.14 33.39 85.53 89.44 81.87 1551 2315 443 36.18  38.92 20.87
CPM-GAN 43.18  62.00 34.57 — — — 2234  29.18  9.49 30.87 31.54 1527
PIC 6227 6793 51.56 — — — 2486 29.74 1048 38.72 4046 22.12

COMPLETER  70.18 68.06  77.88 89.08 88.86 85.47 25.63 31.73 13.05 41.07 44.68 24.78

Ours 72.50 71.23  80.97 88.73  88.87 8532 2490  33.07 13.95 41.59 4549 26.40
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Table3 Comparison of model effects on incomplete multi-view datasets %
Caltech101-20 NoisyMNIST LandUse-21 Scene-15

PON: iR
ACC NMI ARI ACC NMI ARI ACC NMI ARI ACC NMI ARI
AE’-Net 33.61 4920 24.99 38.67 33.79 19.99 19.22 23.03 5.75 27.88 3135 1393
IMG 4229 5826 33.69 — — — 1552 22.54 3.73 2396 25.70 9.21
UEAF 4735 56.71  37.08 3456 33.13 24.04 16.38 18.42 3.80 2820 27.01 8.70
DAIMC 44,63 59.53 32.70 3444 2715 1642 19.30 1945 5.80 23.60 21.88 9.44

EERIMVC 40.66  51.38 2791 5497 4491 3594 22.14  25.18  9.10 33.10  32.11 1591

DCCAE 40.01  52.88  30.00 61.79 59.49 33.49 14.94 2095 3.67 31.75 3442 1580
PVC 4142  56.53 31.00 3597 2774 16.99 2133  23.14 8.10 25.61 2531 11.25
BMVC 32.13 40.58 12.20 2436  15.11 6.50 18.76  18.73  3.70 3091 3023 1093
DCCA 38.59 5251  29.81 61.82 6055 37.71 14.08  20.02  3.38 31.83  33.19 1493
CPM-GAN 4142 5589 33.74 — — — 19.02  21.58  6.11 2730 27.18 11.93
PIC 57.53 6432 4522 — — — 23.60 26.52  9.45 38.70  37.98 21.16

COMPLETER 6844 67.39 7544 80.01 7523  70.66 22.16  27.00 10.39 39.50 4235 23.51

Ours 71.25  69.72 77.41 84.54 77.68 74.72 21.38 28.89 11.30 4030 42.10 23.33
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