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Introduction: training Very Deep Neural Networks SNT

Very deep models:

[ These are deep neural networks (DNNs) with over 15 layers
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PlainNets (i.e. no skip connections)

Deep Neural Networks with Skip Connections
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Introduction: training very deep PlainNets is difficult ST
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Problem statement:

O Training very deep PlainNets become difficult with depth increase

20

3

56-layer

20-layer

—
(=]

56-layer

training error (%)
test error (%)

VN 20-layer

0 1 fz ) i‘; :1 5 6 0 l1 2 3 3 .‘4
iter. (1e4) iter. (le4)

Fig. 2. Error rate increase on the very deep PlainNets trained on CIFAR-10 dataset [!




Investigation: vanishing/exploding units’ outputs SNT
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U Units’ outputs decrease globally with depth
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[5] loffe, S., & Szegedy, C. (2015). Batch Normalization: Accelerating Deep Network Training by Reducing Internal Covariate Shift. ICML (pp. 448-456).
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Investigation: vanishing/exploding units’ outputs SNT

securityandtrust.lu

O Units’ in PlainNet-BN have extremely high outputs
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Highlight:
Extremely high or small outputs = bad optimization




Investigation: hidden representation near singularitysm
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 Units respond in similar fashion to different training samples
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Alleviating the training problems of very deep PlainNets SNT
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d Components of the proposed approach
o Leaky Rectified Linear Unit (LReLU) = vanishing/exploding units’ outputs
H(z) = 12" <0y Bz" +1(Z2" > 0)(Z"), 1)
where Z! and B are the pre-activation and leaky scaling factor, respectively.
o Max-norm constraint = exploding unit’s output
lwj 1< e (2)
where c is the specified max-norm.

o Weight initialization from uniform distribution = weight diversity

s =V ninl (3)
z

where n;, is the number of units feeding into layer .



Experimental results: proposed solution (PlainNet) ¢nT
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O Table 1: Ablation studies — 100 layer model results using USPS dataset

| Model component | Train error | Test error |
Batch normalization (BN) 84.56% 83.21% L _
LReLU 0237% | 92.03% Highlight:
Max-norm 86.22% 86.85% Proposal = the three components
BN + LRelLU 78.38% 79.52%
BN + max-norm 82.90% 81.86% give the best results
LReLLU + max-norm 83.62% 82.11%
Proposed: BN + LReLU + max-norm 0.11% 5.48 %
O Table 2: Model results using CIFAR-10 dataset
| Model | Skip conn. | Layers | Parameters | Test error | Highlight:
Highway network [2] Yes 19 2.30M 7.54% Proposal = successful training
ResNet [3] Yes 56 0.85M 6.97%
ResNet [3] Yes 110 1.7M 6.43%
All CNN [30] No 8 1.30M 7.25%
NiN [31] No 10 1.30M 8.81%
Delta init. [15] No 32 17.80M 18.00%
PlainNet-BN [3] No 56 0.85M 15.00%
Proposed PlainNet No 50 0.72M 6.65 %




Conclusion SNT
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Paper highlights:

1 Revisited the problem of training very deep networks without skip connections

d Proposed an approach to tackle identified problems

[ The proposed DNN is seen to outperform similar models without skip connections

d The proposed DNN without skip connections achieve competitive results in

comparison to DNNs with skip connections.
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