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ABSTRACT 
The state-of-the-art training of deep neural networks requires to 

normalize the activities of the neurons for accelerating the training 

process. A standard approach is to employ batch normalization 

(BN), in which the activations are normalized by the mean and 
standard deviation of the training mini-batch. To be invertible, BN 

also introduces an adaptive gain and bias which are applied after 

the normalization but often before the non-linearity. In this paper, 

we investigate the effects of learnable parameters, gain and bias, 

on the training of various  typical deep neural nets, including 
ALL-CNNs, Network In Network (NIN), ResNets. Through 

extensive experiments, we show that there is no big difference in 

both training convergence and final test accuracy if we remove the 

BN layer following the final convolutional layer from a 

convolutional neural network (CNN) for standard classification 
tasks. We also observed that without adaptively updating 

learnable parameters for BN layers, it often requires less time for 

training of very deep neural nets such as ResNet-101. 

CCS Concepts 
• Theory of computation➝Machine learning theory  

Keywords 
batch normalization; CNN; gain and bias 

1. INTRODUCTION 
In the last few years, deep neural networks [11][15] have 

demonstrated impressive breakthrough in natural language 

processing, image classification and face recognition. Compared 

to their sh- allow counterparts, deep neural networks are more 
difficult to train due to gradient vanishing/exploding problems. 

For deep neural networks, it was observed that the inputs at each 

layer may vary drastically, both in their value range and statistic 

distribution. The drastic change in both the value range and 

statistic distribution is proved to be essential for gradient 
vanishing/exploding. To remedy this problem, various 

normalization methods were proposed, including batch 

normalization (BN) [13], layer normalization (LN) [6], weight 

normalization (WN) [14]. 

For BN, the activations at each layer are normalized by the mean 

and standard deviation of the training mini-batch. To be invertible, 
it introduces an adaptive gain and bias for compensating the 

normalization process. This technique has rapidly became a 

standard for constructing deep convolutional neural networks. BN 

allows a large learning rate and partially reduces the requirement 

of careful initialization or even eliminates the need for dropout  
[10]. 

A main shortage of BN lies in that the normalization process 

introduces some dependencies between the examples in a  

mini-batch, which limits its usage in recurrent models such as 

LSTMs [12] and generating models [5]. Instead of using examples 
in a mini-batch to compute a feature's mean and variance, LN 

utilizes the combined activities of all units within a layer as the 

normalizer. Weight normalization is a reparameterization of the 

weight vectors in a neural network that decouples the length of 

those weight vectors from their direction. By eliminating the 
dependencies between examples in a mini-batch, both of these 

methods can be successfully applied to LSTMs and generating 

models. 

In this paper, we investigate the effects of learnable parameters of 

BN, namely, adaptive gain and bias, on the performance of deep 
convolutional neural networks. Through extensive experiments, 

we show that it is not necessary to adaptively adjust the learnable 

parameters of gain and bias. In most convolutional layers 

followed by a BN layer, the gain and bias can be set to be constant 

values. The only exception often lies in the last convolutional 
layer if it is followed by a BN layer, which requires to adjust its 

gain and bias noticeably. However, we found that this BN layer 

following the last convolutional layer can be totally removed. 

2. EFFECTS OF LEARNABLE   

PARAMETERS OF BN ON CNNS 

2.1 BN and Its Learnable Parameters 

For a layer with an m-dimensional input )
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For a 4-dimensional tensor input of size (N,K,H,W) = (batch, 

channels, height, weight), the batch normalization is often 

performed over each channel (feature map). Therefore, with a 

convolutional layer, the batch normalization is implemented for 

each channel with the effective batch size of  N ×H ×W. 

The BN Transform (BNγ,β), applied to activation x over a 

mini-batch, is explicitly shown in Algorithm 1 [13].  In Figure 1, 

we show an adaptive gain and bias for a typical neuron with BN 
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along the training process for a ALL-CNN [7]. The detailed 

configuration of this ALL-CNN is given in Section 3.1. As shown, 

the learnable gain and bias is of limited value range. This has also 

been observed for most neurons of BN. Therefore, we presume 
that learning an adaptive gain and bias may not be necessary for 

the use of BN in CNNs.  

 

 

 

 

 

 

 

 

 

 

 

 

 

Algorithm 1. Batch Normalizing Transform. 

     

 

Figure 1. The histograms1 of an adaptive gain (top) and bias 

(bottom) on conv6, respectively, for a typical BN layer 

employed in the ALL-CNN along the training process. 

2.2 BN without Adjusting Learnable Gain 

and Bias 
We consider a simplified version of the BN, where the learnable 

gain and bias are simply set to constant ones, namely, 

0,1, BNBN   

Therefore, it simply neglects the learning of parameters γ and β in 

the standard BN layer. In what follows, we call this simplified 

version (BN1,0) as CBN for convenience. 

                                                                 
1 Histogram is obtained using TensorBoard from TensorFlow, 

where the x-, y-, and z-axis denotes the discrete value, the 

training step, and the number of a given value, respectively. 

With the standard BN, backpropagation through a layer is 

unaffected by the scale of its parameters. This still holds for CBN. 

Indeed, for a scalar a, 
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It means that 

 The scale does not affect the layer Jacobian nor the gradient 

propagation, as did in the standard BN. 

 The larger weights lead to smaller gradients, and the CBN still 

stabilizes the parameter growth. 

2.3 The Placement of CBN in Deep 

Convolutional Neural Nets 
Deep CNNs are with the layered structure, often composed of a 

series of convolutional layers, pooling layers and fully -connected 

layers. In typical CNNs, the fully-connected layer is often placed 

between the last convolutional layer and the softmax layer. If this 

last covolutional layer is followed by a standard BN layer, the 
learnable gain and bias may experience large fluctuations during 

training. 

This is explicitly shown in Figure 2 again for the ALL-CNN [7]. 

 

Figure 2. The histograms of an adaptive gain (top) and bias 

(bottom), respectively, for the BN layer attached to the last 

convolutional layer along the training process. 

Therefore, we are interested in three typical layered structures for 

the placement of CBNs. 

 CBN-ALL: A layered convolutional neural network, where 

CBNs (BN1,0) are employed for all convolutional layers; 

 CBN-LConv-NoBN: A layered convolutional neural network, 

where CBNs (BN1,0) are employed for all convolutional layers 

except the last convolution layer; 

 CBN-LConv-BN: A layered convolutional neural network, 
where a standard BN layer (BNγ,β) is employed for the last 
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convolution layer and the other convolutional layers are followed 

by CBNs (BN1,0). 

3. EXPERIMENTAL VALIDATION 

3.1 Deep Neural Networks 
Table 1. Architecture of the ALL-CNNs network. 

Layer name Layer description 

input Input 24 × 24 × 3 RGB image 

conv1 3 × 3 conv. BN. 96 ReLU, stride 1 

conv2 3 × 3 conv. BN. 96 ReLU, stride 1 

conv3 3 × 3 conv. BN. 96 ReLU, stride 2 

conv4 3 × 3 conv. BN. 192 ReLU, stride 1 

conv5 3 × 3 conv. BN. 192 ReLU, stride 1 

conv6 3 × 3 conv. BN. 192 ReLU, stride 2 

conv7 3 × 3 conv. BN. 192 ReLU, stride 1 

conv8 3 × 3 conv. BN. 192 ReLU, stride 1 

conv9 3 × 3 conv. BN. 10 ReLU, stride 1 

global_pool global average pooling(6 × 6) 

softmax 10/100-way softmax 

 
For experimental validation, we focus on two deep neural 

networks (DNNs), namely, ALL-CNNs [7], Network In Network 

(NIN) [9], ResNets [8]. The detailed network structure of the 

employed ALL-CNNs is given in Table 1, while the NiN and 

ResNets' structure is just the same as that reported in [9][8] 
respectively.  

3.2 CIFAR-10/100  
To evaluate the performance of DNNs with the employment of 
CBNs for the application of supervised classification, we consider 

the CIFAR-10/100 data sets of natural images [1]. Both 

CIFAR-10 and CIFAR-100 contain 50,000 32 × 32 RGB images 

for training, 10,000 images for validation, and each image is 

labeled as 10 total number of classes for CIFAR-10 and 100 for 

CIFAR-100. 

The training of ALL-CNNs and NIN on CIFAR-10 adopts a 

momentum optimization algorithm and data augmentation, 

L2-weight decay [2] to prevent over-fitting. The initial learning 

rate is 0.1. The exponential decay is used to reduce the learning 

rate to 0.01 after 20k steps. The network architecture is shared for 
CIFAR-10 and CIFAR-100 and the only minor change is the 

fully-connected layer, which is adapted from CIFAR-10 for 

matching 100 categories in CIFAR-100. 

To assess the performance of CBN in deep convolutional neural 

networks, we follow the He's approach [8] and train deep ResNets 

with 29 and 101 layers. For training, the momentum optimizer is 

employed with momentum setting to 0.9. Both data augmentation 
and L2 regularization for the weight are employed. A learning rate 

schedule of (0-31k[0.1], 31k-58k[0.01], 58k-78k[0.001]) is used. 

Each ResNet is trained with 200 epochs for about 78k steps. 

We evaluated 4 typical deep neural network structures with 

different placements of CBN or BN. 1) The standard use of BN 

layer following all convolutional layers (BN); 2) CBN-ALL; 3) 

CBN-LConv-BN; 4) CBN-LConv-NoBN. The differences are 
detailed in Section 2.3. The classification accuracy is summarized 

in Table 2. 

Table 2. Summary of Test Accuracy Performance. 

Network CIFAR-10(3
9k) 

CIFAR-100(
50k) 

ALL-CNN-BN 0.912 0.669 

ALL-CNN-CBN-ALL 0.902 0.649 

ALL-CNN-CBN-LConv-BN 0.907 0.667 

ALL-CNN-CBN-LConv-NoBN 0.912 0.674 

NIN-BN 0.899 0.657 

NIN-CBN-ALL 0.871 0.607 

NIN-CBN-LConv-BN 0.895 0.660 

NIN-CBN-LConv-NoBN 0.894 0.663 

ResNet-29 0.9145(78k) 0.6948(78k) 

ResNet-29-BN 0.9447 0.7785 

ResNet-29-CBN-ALL 0.9472 0.7785 

ResNet-29-CBN-LConv-BN 0.9487 0.7848 

ResNet-29-CBN-LConv-NoBN 0.9461 0.7663 

ResNet-101-BN 0.9506 0.7923 

ResNet-101-CBN-ALL 0.9465 0.7930 

ResNet-101-CBN-LConv-BN 0.9507 0.7976 

 

4. ANALYSIS OF EMPIRICAL RESULTS 

4.1 Training Convergence and Test Accuracy 
First of all, the application of BN with learnable gain and bias to 

ALL-CNN is investigated. The employed ALL-CNNs has a total 

of 9 convolutional layers, each of which followed by a standard 

BN. By setting γ=1, β=0 for the purpose of initialization, the 
distribution of a given BN layer outputs can be obtained by 

running the training procedure, which are shown in Figure 3. It 

can be found that, except for the last convolutional layer, the 

output of each BN layer is nearly normally -distributed when the 

training proceeds. 

 

Figure 3. Training of an ALL-CNN over CIFAR-10. Top: the 

normalized distribution of the layer output. Due to similar 

distributions of layers 1 to 8, we only plot the distribution of 
the output for the conv-4 layer. Bottom: the output 

distribution after BN of the last convolutional layer. 

We have present the summary of the test accuracy performance 

for four typical network architectures. To obtain detailed informa- 
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tion about the training converge, we plot the training loss, along 

with the test accuracy, versus training steps as shown in Figure 4, 

Figure 5 and Figure 6. As shown, there is no clear advantage for 

the use of BN compared to the use of CBN. We also observe a 
slight test accuracy advantage of CBN-LConv-BN structure over 

the standard BN structure for running ResNets over both 

CIFAR-10 and CIFAR-100 datasets. 

 

Figure 4. The training loss (top) and test accuracy (bottom) 

along the training process for ResNets over CIFAR-10. 

 

 

Figure 5. Subgraphs show the accuracy of ALL-CNNs and 

ResNets over CIFAR-10. 

 

 

Figure 6. Subgraphs show the accuracy of ALL-CNNs and 

ResNets over CIFAR-100. 

 

4.2 Do We Need to Put BN After the Last 

Convolutional Layer? 
Whenever CBNs (BN1,0) are employed for all convolutional layers, 

experiments show some performance degradation compared to the 

use of BNs. If we simply remove the CBN layer following the last 

convolutional layer, we can achieve almost the same performance 

as that of the standard BN architecture, as shown in Table 2 for 

both ALL-CNNs and ResNets. 

4.3 Activation Functions 
We also investigate the use of different activation functions (Relu, 
Prelu, Tanh [4]), along with CBN for ALL-CNNs, on the test 

accuracy. With CIFAR-10 dataset, the results are listed in Table 3. 

In summary, we found that the proposed CBN-LConv-NoBN 

structure do work well for almost all activation functions. In 

addition, we find that CBN does not perform well on a saturated 

function like tanh. 

Table 3. The test accuracy of different activation functions. 

  Relu Prelu tanh 

BN 0.912 0.904 0.848 

CBN-LConv-NoB

N 
0.912 0.906 0.773l 

 

4.4 Trainable Parameters 
It was pointed out in [3] that the use of BN often results into the 

increase of about 30% in computation overhead at each iteration. 

With CBN, there is no need to update two learnable parameters, 
namely, gain and bias. Therefore, the number of trainable 
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parameters is correspondingly reduced, which is shown in Table 4 

for ResNet-29 and ResNet-101. The train accuracy versus 

wall-clock-time graph is shown in Figure 7 for ResNet-101. For 

this very deep neural net, it clearly requires less time for training 

with the use of CBNs. 

Table 4. Parameters of ALL-CNN and BN on CIFAR-100. 

  ResNet-29 ResNet-101 

No-BN 
param=4222666 

(16.11 MB) 

param=39638730 

(151.21 MB ) 

BN 
param=4238922 

(16.17 MB ) 

param=39736394 

(151.58 MB) 

CBN-LConv-BN 
param=4224714 

(16.12 MB) 

param=39642826 

(151.23 MB ) 

 

 

Figure 7. The training loss (top), accuracy (bottom) versus 

wall-clock-time for ResNet-101 on CIFAR-10. 

5. CONCLUDING REMARKS 
As an efficient approach for overcoming gradient vanishing 

/exploding, batch normalization has become a standard ingredient 
for constructing DNNs. In this paper, we argue that it is not 

necessary to adjust the learnable gain and bias along the training 

process. Through extensive experiments, we show that the use of 

constant gain and bias (CBN) is enough. In our view, the use of 

CBN can force the layer's outputs (or features) locating in a 
standard value range with zero-mean and unit-variance. As the 

learnable parameters do have little effect on the performance, it is 

interesting to ask if we can find a equivalent normalization 

approach without resorting to batch statistics. This is very 

important for RNNs and generating models.                             
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