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Abstract: Ladder networks is not only an effective deep learning-based feature extractor, but also can be applied on semi-supervised
learning. Deep learning has the advantage of approximating the complicated function and alleviating the optimization difficulty associated
with deep models. Autoencoders and restricted Boltzmann machines ignore the manifold information of high-dimensional data and usually
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achieve unmeaning features which are very difficult to use in the subsequent tasks, such as prediction and recognition. From the
perspective of manifold learning, a novel deep representation method Laplacian ladder networks (LLN) is proposed, which is based on
ladder networks (LN). When training LLN, LLN reconstructs noisy input and encoder layers, and adds graph Laplacian constrains to learn
hierarchical representations for improving the robustness and discrimination of system. Under the condition of limited labeled data, LLN
fuses the supervised learning and unsupervised learning to training in a semi-supervised manner. This study performs the experiments on
the MNIST and CIFAR-10 datasets. Experimental results show that the proposed method LLN achieves superior performance compared
with LN and other semi-supervised methods, and it is an effective semi-supervised method.

Key words: ladder network; manifold regularization; graph Laplacian; deep autoencoder; semi-supervised learning
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Table 1 Model parameters of convolutional Laplacian ladder networks (Conv-LLN)
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2x2max-pooling stride 2, BN 2x2max-pooling stride 2, BN
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Global meanpool, BN Global meanpool, BN
Fully connected 10, BN -
10-way softmax 10-way softmax
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LT $1 7 B 6 90 48 (LLIN)* 0.9140.21

312 HIML

TEER 2 AN SEae v A SCATY AR BE L AF 07 P Pk H 10 NEEA 21 i 100 N5 bR S REA SR BT IR B
THE X A AR G R R R 3T I A6 0 48 TR AT T AR 7 s 5 36 o 5 LR 3 o 0T I s D 48 P s i R e 1 i B
1 F R, HR 2 R 3 28 45 R v LUR 76 T 5 20 AR B R B IR AT 55 v A R 35 0 B ) 28 477
SR LA LG AR 8 190 0% 0 LA S T 5 AR 5 ) 1) M B B 2% ST BE R T U 1R 43 D5 BB ). el T AR M 4 5 UG AR
SRR B PR AH X T 22 2 B0 2% B R B B I 24 26 R s S i 5T s D) 48 0k 1) T 15 50 TR R S 11 K
RNARBN T #E— L E

Table 3 Performance comparison of Conv-Laplacian ladder networks and other methods on MNIST dataset
F 3 BHEESER LR R 4 TE MNIST Eim42 B i pg th iR

ik TR 7 (%,N=100)
SWWAE 9.17
EmbedCNN 7.75
LA AR 9 2% (Conv-LN) 0.89+0.50
& AR 4L B HT A% R 4% (Conv-LLN)* 0.78+0.36

3.2 CIFAR-10

h T 1 2 W R T 19 2 Rz A e 0 R AR AR HED A R U Bl 48 CIFAR-10 JE4T T 26 3 A
5255 CIFAR-10 34l 44 7 10 A AS I 2SR K JL i1 60 000 MFEA, B ANFEAHR & 32x32 [f) RGB B l& Ji Lk
£,75 50 000 7K FRAEHE A AN 10 000 5RIMBAEA. Sy T AT 4= B 2% 20 1) 52 56, BATTBE AL BRSSPk H 400 /N4
R AL 4 000 AN A4 B AR A1 BB K 0, AT W16 5O 6 Wb e TR B K 0 5.

M 4 TR UG 7R FR 2 E00 B N A 4 000 PR LT 2 T 25 R 9 45 (1R 37 ar 357 0 45Fs D99 28 7 40 44 1R )
a4k CIFAR-10 _LAR 3N T I (2 Wi B 43 S8 45 A 0F— AP IR T 5 1 J07 I B 19X 45 10 Jm) S OR R e 1 A B T4
xR AL fE

Table 4 Performance comparison of Conv-Laplacian ladder networks and other methods on CIFAR-10 dataset
£ 4 BEES5EHLLN 78 CIFAR-10 Hf 4 E 1k fE Lk i

Ik W% % (%,N=4000)
S3C 31.9
LA A 9 2% (Conv-LN) 20.40+0.47
70 1 L HT A% M 4% (Conv-LLN)* 18.97+0.40

4 HRE

ALY T — Pl ek (R B R 7R 27 20 T vk ——r M U B 190 28, JRE s T B e T AR M B R AR 2 ) R R
2 J2 TGN A5 R 228 I 286 16 2 > 1 B, DA T AT 280097 R~ I 2 2 () T 0 o 190 26 2 — b A0 75 1) o B 2 )
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T AR BEFER 1 A SC R U S TN T YT 1E WA HE SROG5 B B 199 255 4 AiE 27 >0 JEAT 249 SR A3 i B 1) 2% A
HE e 25 5k 7 1K) 080 AN e i TR ) R T 040 1 Ji e 500 R A 10 L 28 b o 9 48 25 A ) /2 AT 1 T 200K A 45
W 4 25 J2= ELAT Jey B R R AR P AR, AT A b v TR (32 AL RE g R 3 T 2 R LA A AR (1
W BT B Y 2 AT TR, 7T S B SRR MNIST R R IR A 4 45 CIFAR-10 AT 17 3 B 2% 2] 52
560 A IBCAT 17 LI B 199 208 1R Ath A% 80 PS8 R A IR 5 - 2 20 D vk S 1) 2 SR AOR S 36 & SRR W, 4 3 1 40 B
o ) 2% i A7 2850 1 24 M B 2% 30 B0 AL o 407 B B8 I 405 G AT BN A 2 A, iR SR R 2 1 9 T
S5 i) L X A BT A i 5 2B BT AR

References:
[1] Krizhevsky A, Sutskever I, Hinton GE. Imagenet classification with deep convolutional neural networks. In: Proc. of the Advances
in Neural Information Processing Systems. 2012. 1097-1105.
[2] Liao YY, et al. Place classification with a graph regularized deep neural network. IEEE Trans. on Cognitive and Developmental
Systems, 2017,9(4):304-315.
[3] Szegedy C, Liu W, Jia Y, et al. Going deeper with convolutions. In: Proc. of the IEEE Conf. on Computer Vision and Pattern
Recognition. 2015. 1-9.
[4] Zhao DB, Chen YR, Lv L. Deep reinforcement learning with visual attention for vehicle classification. IEEE Trans. on Cognitive
and Developmental Systems, 2017,9(4):356—367.
[5] Graves A, Jaitly N. Towards end-to-end speech recognition with recurrent neural networks. In: Proc. of the 31st Int’l Conf. on
Machine Learning (ICML 2014). 2014. 1764-1772.
[6] Hinton G, Deng L, Yu D, et al. Deep neural networks for acoustic modeling in speech recognition: The shared views of four
research groups. IEEE Signal Processing Magazine, 2012,29(6):82-97.
[71 Vinyals O, Toshev A, Bengio S, et al. Show and tell: A neural image caption generator. In: Proc. of the IEEE Conf. on Computer
Vision and Pattern Recognition. 2015. 3156-3164.
[8] Fang H, Gupta S, landola F, et al. From captions to visual concepts and back. In: Proc. of the IEEE Conf. on Computer Vision and
Pattern Recognition. 2015. 1473-1482.
[9] Kiros R, Salakhutdinov R, Zemel RS. Unifying visual-semantic embeddings with multimodal neural language models. arXiv
preprint arXiv:1411.2539, 2014.
[10] Cho K, Van Merrinboer B, Gulcehre C, et al. Learning phrase representations using RNN encoder-decoder for statistical machine
translation. arXiv preprint arXiv:1406.1078, 2014.
[11] Sutskever I, Vinyals O, Le QV. Sequence to sequence learning with neural networks. In: Proc. of the Advances in Neural
Information Processing Systems. 2014. 3104-3112.
[12] Dempster AP, Laird NM, Rubin DB. Maximum likelihood from incomplete data via the EM algorithm. Journal of the Royal
Statistical Society Series B (Methodological), 1977,39(1):1-22.
[13] Blum A, Mitchell T. Combining labeled and unlabeled data with co-training. In: Proc. of the Int’l Conf. on Computational Learning
Theory. 1998. 92-100.
[14] Zhou ZH, Li M. Tri-training: Exploiting unlabeled data using three classifiers. IEEE Trans. on Knowledge and Data Engineering,
2005,17(11):1529-1541.
[15] Belkin M, Niyogi P, Sindhwani V. Manifold regularization: A geometric framework for learning from labeled and unlabeled
examples. The Journal of Machine Learning Research, 2006,7(11):2399-2434.
[16] Ding SF, Zhang N, Shi ZZ. Laplacian multi layer extreme learning machine. Ruan Jian XueBao/Journal of Software, 2017,28(10):
2599-2610 (in Chinese with English abstract). http://www.jos.org.cn/1000-9825/5128.htm [doi: 10.13328/j.cnki.jos.005128]
[17] Joachims T. Transductive inference for text classification using support vector machines. In: Proc. of the ICML, Vol.99. 1999.
200-209.
[18] Chen SG, Wu XJ. Improved projection twin support vector machine. Acta Electronica Sinica, 2017,45(2):408-416 (in Chinese with
English abstract).
[19] Hinton GE, Salakhutdinov RR. Reducing the dimensionality of data with neural networks. Science, 2006,313(5786):504-507.

© TEBREEEEIEDT  htp/ www. jos. org. cn



ARG B 0 A 4 1535

[20] Hinton GE, Osindero S, Teh YW. A fast learning algorithm for deep belief nets. Neural Computation, 2006,18(7):1527-1554.

[21] Vincent P, Larochelle H, Lajoie I, Bengio Y, Manzagol PA. Stacked denoisingautoencoders: Learning useful representations in a
deep network with a local denoising criterion. The Journal of Machine Learning Research, 2010,11(12):3371-3408.

[22] Weston J, Ratle F, Mobahi H, et al. Deep learning via semi-supervised embedding. In: Proc. of the Neural Networks: Tricks of the
Trade. Berlin, Heidelberg: Springer-Verlag, 2012. 639-655.

[23] Goodfellow I, Courville A, Bengio Y. Large-scale feature learning with spike-and-slab sparse coding. arXiv preprint arXiv:1206.
6407, 2012.

[24] Kingma DP, Welling M. Auto-encoding variational Bayes. arXiv preprint arXiv:1312.6114, 2013.

[25] Zhao J, Mathieu M, Goroshin R, et al. Stacked what-where auto-encoders. arXiv preprint arXiv:1506.02351, 2015.

[26] Rasmus A, Berglund M, Honkala M, et al. Semi-supervised learning with ladder networks. In: Advances in Neural Information
Processing Systems. 2015. 3546—-3554.

[27] Yang S, Li L, Wang S, et al. A graph regularized deep neural network for unsupervised image representation learning. In: Proc. of
the IEEE Conf. on Computer Vision and Pattern Recognition. 2017. 1203-1211.

[28] Hu C, Wu XJ. Autoencoders with drop strategy. In: Advances in Brain Inspired Cognitive Systems: Proc. of the 8th Int’l Conf. on
BICS 2016. Beijing: Springer Int’l Publishing, 2016. 80-89.

[29] LeCun Y, Bottou L, Bengio Y, et al. Gradient-based learning applied to document recognition. Proc. of the IEEE, 1998,86(11):
2278-2324.

[30] Krizhevsky A, Hinton G. Learning multiple layers of features from tiny images. 2009. Technical Report, TR-2009, Toronto:
University of Toronto, 2009. https://www.cs.toronto.edu/~kriz/learning-features-2009-TR.pdf.

Bt R 325 2 SR

[16] T, SRR, s R B3 R W £ 2 M 2 ST ML A 2 3,2017,28(10):2599-2610.  http://www.jos.org.cn/1000-9825/5128.htm
[doi: 10.13328/j.cnki.jos.005128]

[18] BREEAR, /MR Sk (¥ B e A8 A SRS ] 1AL B 4R, 2017,45(2):408-416.

EAER (1987 —), Y3 WA AL BE M N 18 L PRI,
LB FTAR Ty N TR A AR ORI, A
IR

EFREK (1985 —), I, 1 4 @I 4% ,CCF %
b4 B, 2 B FTATE A AR R .

RAMR(1967—), 05 1 4 Bz g Lk g
Jill,CCF % lk2x by, 2 BERT 9 U N L
AE MRS, TSR E.

MRZEAR(1982—), B3, 18 -1, @l o, = BEAF
FEAE N B 5 R R R 4

© PEBEERKCEIFR  htps/www. jos. org. cn



