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Abstract— The increase in complexity and depth of deep 
neural networks (DNNs) has created a strong need to improve 
computing performance. Quantization methods for training 
DNNs can effectively improve computation throughput and 
energy efficiency of hardware platforms. We have developed an 
8-bit quantization training method representing the weight, 
activation, and gradient tensors in an 8-bit fixed point data 
format. The shared exponent for each tensor is managed 
dynamically on the basis of the distribution of the tensor 
elements calculated in the previous training phase, not in the 
current training phase, which improves computation 
throughput. This method provides up to 3.7-times computation 
throughput compared with FP32 computation without accuracy 
degradation. 

I. INTRODUCTION 
Deep neural networks (DNNs) such as AlexNet [1], VGG 

[2], and ResNet [3] have achieved noteworthy results in 
image processing and object recognition. In addition, 
Transformer [4] has also achieved remarkable BLEU 
(bilingual evaluation understudy) score in machine language 
translation. In the training of these networks, 32-bit floating 
point (FP32) or 16-bit floating point (FP16) data 
representation has been used. However, there is a strong need 
to reduce the numerical precision of data representation to 
improve computation throughput and energy efficiency of 
hardware platforms. 

In general, the calculation time of the layer in a DNN 
includes the time for the calculation itself and the memory 
access time. The calculation time for matrix multiply 
(matmul) is mostly dominated by the time of the calculation 
itself. In contrast, that of vector operation such as AXPY 
(alpha X plus Y) and batch normalization is mostly 
dominated by the memory access time. An effective approach 
to improve computation throughput is therefore to reduce the 
amount of data for calculation as well as to increase the 
number of parallel calculations. Quantization can be used to 
both increase the number of parallel calculations and reduce 
the amount of data size required for calculations. 

We have developed a method for training quantized 
DNNs that each tensor preserves one shared exponent and 
elements in an 8-bit fixed point representation. The shared 
exponent is dynamically calculated on the basis of the 
distribution of tensor elements calculated in the previous 
training phase, not in the current training phase, which 
improves computation throughput. We call this 8-bit fixed 
point representation with dynamic management of shared 
exponents (DSE) method “INT8-with-DSE.” It provides up 
to 3.7-times computation throughput compared with FP32 
data representation without any degradation in accuracy. In 
training using INT8-with-DSE, the weight, activation, error 
and gradient tensors are quantized and represented in an 8-bit 
fixed point data format. The accuracy achieved is equal to 

that with FP32 training. In addition, we can apply our method 
directly to inference devices operating in fixed point. 

Two techniques are the keys to achieve this improved 
performance: 
 

 Dynamic management of shared exponents on the 
basis of discrete distributions of the tensors calculated 
in the previous training phase. 

 Application of an offset to the shared exponents 
calculation for deeper networks such as ResNet-50 [3]. 

In this paper, we describe these techniques and their effect 
in detail. We also describe the creation of a histogram having 
base-2 logarithmic bins and showing the discrete distribution 
of elements constituting each tensor. 

II. RELATED WORK 
Several works on DNNs training precision scaling have 

been published over the past few years. A training 
computation method that uses hybrid 8-bit floating point 
(FP8) data representation is presented in [5]. It uses a 1-bit 
sign, 4-bit exponent, and 3-bit mantissa for forward 
propagation and a 1-bit sign, 5-bit exponent, and 2-bit 
mantissa for backward propagation. In addition, FP16 
representation has also been used to reduce quantization 
errors when accumulating the results of inner products. A 
mixed precision technique using both FP8 and FP16 achieved 
the same accuracy as with FP32 on a wide range of state-of-
the art DNN models. The results of the training computation 
method using floating point, however, indicated that the 
method suffers from an issue, in that it cannot apply the 
results obtained through the training directly to inference 
devices operating in fixed point to realize high energy 
efficiency. Furthermore, FP8 is not a standard data format 
and it is required dedicated hardware to support the format. 

In contrast, a training computation method using fixed 
point representation that can be applied to AlexNet and 
ResNet-18 is presented in [6]. However, the bit width is 16, 
and there is a strong need to reduce the bit width to improve 
computation throughput and energy efficiency. In general, 
the greater the number of layers in a network, the greater its 
accuracy. The method in [6] and [7] are based on the 
assumption that the variation in the histogram of elements in 
each tensor is small between consecutive training phases, so 
the exponents calculated in the previous training phase can be 
used in the current training phase. However, the greater the 
number of layers in a network, the less valid this assumption. 
This means that the accuracy for ResNet-50 is degraded. 

A training computation method that uses block floating 
point (BFP) representation with an 8-bit mantissa and a 10-
bit shared exponent for each tensor and applied it to a ResNet-
50 network is presented in [8]. Although the data 
representation format is the same as in our proposed INT8-
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with-DSE method, the method used for calculating the shared 
exponents differs in terms of improving computation 
throughput. In both methods, the intermediate data, whose bit 
width is more than 8, as the results of inner products is 
calculated, and is converted to 8-bit integer data. In BFP 
method, the shared exponent to the current training phase is 
calculated on the basis of the intermediate data, and the 
conversion using the shared exponent is executed after the 
calculation. In contrast, in INT8-with-DSE method, the 
calculation of the shared exponent to the next training phase 
and the conversion are executed independently, since the 
shared exponent calculated in the previous training phase is 
used for the conversion. As a result of the difference in the 
calculation of the shared exponent, INT8-with-DSE method 
achieves higher computation throughput than BFP method. 
 Fig. 1 shows INT8-with-DSE representation and TABLE 
I. shows a relationship between this work and related work. 
INT8-with-DSE method is the first 8-bit training method 
using the shared exponent calculated in the previous training 
phase, and has potential to achieve the highest computation 
throughput. 

 
Fig. 1. Diagram of bit representation of INT8-with-DSE. 

TABLE I.  RELATIONSHIP BETWEEN THIS WORK AND RELATED WORK 

 Generation of Shared Exponent 
Previous Phase Current Phase 

Bit 
width 

8-bit This Work [8] 
16-bit [6], [7] [9] 

 

III. TRAINING USING INT8-WITH-DSE 

A. Data Representation 
The INT8-with-DSE method uses a fixed point data 

format which consists of an integer and an exponent shared 
among the tensor elements: 
 

    (1) 
 

where  is a tensor whose elements are represented in 
FP32, and  is a tensor whose elements are integers from 

 to , corresponding to 8-bit integers (INT8). The 
 is the shared exponent [7] of the tensor. The typical 

histogram of the elements in the weight, activation, and 
gradient tensors for AlexNet, and the range of values that 
FP32 and INT8-with-DSE take are shown in Fig. 2. INT8-
with-DSE takes a wider range of values due to scaling of the 
shared exponents dynamically during DNN training and thus 
can represent all tensors, as shown in the figure. In addition, 
all tensors obtained through INT8-with-DSE training are 
represented in fixed point, so inference devices that use fixed 

point operations are able to handle them directly without 
conversion from floating to fixed point, as for FP32 and FP16. 

 
Fig. 2. Histogram of tensor elements for AlexNet, and range of values that 

can represented in FP32 and INT8-with-DSE. 

B. Training Flow and Calculation of Shared Exponents 
The INT8-with-DSE training flow is diagrammed in Fig. 

3. The training of a DNN comprises a series of training phases, 
each comprising forward propagation, backward propagation, 
and weight updating in sequence. The activation tensors for 
each layer of the network are calculated in the forward 
propagation step. Similarly, error and gradient tensors for 
each layer are calculated in the backward propagation step, 
and weight tensors for each layer are calculated in weight 
updating step. Shared exponents for each layer are calculated 
on the basis of a histogram showing the discrete distribution 
of elements constituting each tensor, as described later, and 
the calculated shared exponents are used in each layer of the 
network in the next training phase. 

The key feature of the INT8-with-DSE method is the use 
of the shared exponents calculated in the previous training 
phase, shown in Fig. 4(a). In INT8-with-DSE method, the 
results of matmul calculations of 8-bit integer elements in 
activation tensor and 8-bit integer elements in weight tensor 
are accumulated as 32-bit intermediate integer data, which is 
then converted to 8-bit integer data using the shared exponent 
calculated in the previous training phase. The conversion and 
the accumulation of the intermediate data as statistics for 
creating a histogram are executed at the same time. 

In contrast, in case of using the shared exponent 
calculated in the current training phase, as shown in Fig. 4(b), 
32-bit intermediate integer data must be temporarily stored in 
memory to enable it to be converted to an 8-bit integer data 
since the conversion can be executed only after the shared 
exponent is calculated. To calculate the shared exponent, the 
statistics of all intermediate integer data is required. In other 
words, the conversion, the accumulation of the intermediate 
data as statistics, and the calculation of the shared exponent 
must be executed in series. 

In addition, the amount of 32-bit intermediate integer data 
can exceed 100 million, depending on the DNN model. As a 
result, computation performance is greatly degraded due to 
limited memory bandwidth if the exponent is calculated in the 
current training phase. The INT8-with-DSE method thus 
further improves computation throughput compared with a 
method using the exponent calculated in the current training 
phase. 
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Fig. 3. Training flow of INT8-with-DSE. 

 

 
(a) In case of using shared exponent in previous training phase. (corresponding to INT8-with-DSE) 

 

 
(b) In case of using shared exponent in current training phase. 

Fig. 4. Diagram of matmul operation with shared exponent calculation in previous and current training phase. 

C. Matrix and Vector Operation 
1) Matrix Multiplication 
Fig. 5 shows the calculation flow in matmul operation, 

the calculation time of which accounts for a large proportion 
of the total training time. Variables with subscript “e” 
represent the shared exponent of each tensor. The results of 
the matmul of the 8-bit integer elements in the activation 
tensor and the 8-bit elements in the weight tensor are 
extended to 32-bit fixed point intermediate data. Such 
matmul operations are generally supported by state-of-the-
art processors and are used in inference processing using 
INT8. Here, the time of matmul operations on INT8 is a 
quarter of that of FP32. 

The shared exponent of the 32-bit fixed point 
intermediate data  is the sum of the shared exponent of the 
activation tensor  and that of the weight tensor . The 
result of the matmul  is converted into 8-bit integer  
on the basis of their shared exponents  and  through 

 as shown in Fig. 5. The conversion formula is given by: 
 

 (2) 
  (3) 

 
where  represents input data to , and  and  

represent the input shared exponent and output shared 
exponent, respectively. When converting the intermediate 
data  to 8-bit integer ,  and  correspond to  and 

, respectively. 
The function in (2) corresponds to stochastic 

rounding [10]. The sat8 function in (3) truncates the input 

value to 127, which is the maximum value expressed by an 
8-bit integer if it is more than 127. The function also 
truncates it to , which is the minimum value expressed 
by an 8-bit integer if it is less than . 
 

2) Vector Operations 
Fig. 6 shows the calculation flow in a set of vector 

operations such as one or a set of AXPY operations and batch 
normalization. In this flow, the shared exponents calculated 
in the previous training phase are used. 

Although the vector operation is executed in 32-bit 
floating point so as not to degrade accuracy, the bit width of 
the input and output tensor is 8, not 32, since the computation 
throughput of vector operation is limited by memory 
bandwidth. The conversion formula for the bit width at the 
input and output nodes is: 
 

   (4) 
  (5) 

 
3) Weight Updating 
Accuracy degradation due to quantization can be 

effectively suppressed by updating the weights in full FP32 
precision [11], and this approach is used in INT8-with-DSE 
training, as shown in Fig. 7. The updating weights are 
calculated using weights and gradients converted into FP32, 
and then, the updating weights are converted to 8-bit integer. 
During this conversion, the gradient is reflected in the 
updating weights by applying stochastic rounding. 
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Fig. 5. Data flow diagram of matmul operation during forward and backward paths.

 
Fig. 6. Data flow diagram of vector operation. 

 

Fig. 7. Data flow diagram for weight updating. 

D. Histogram Creation and Shared Exponent Calculation 
1) Histogram Creation 
A histogram describing the discrete distribution of tensor 

elements is created from the 32-bit intermediate results  in 
Fig. 5 to 7, as shown in Fig. 8. To create a histogram which 
has base-2 logarithmic bins,  is calculated using 
 

   (6) 
     (7) 

 
where  denotes an intermediate result, consisting of an 

integer part  and a shared exponent . From (7), 
 can be calculated by adding  and . 

For integer data , calculating  is equivalent to 
getting the position of the leftmost set bit from the hardware 
point of view, as shown in Fig. 9. 

The position can be calculated by several instructions, 
such as “count leading sign” instruction. The increase in 
computation time due to creating a histogram can be ignored, 
since computation time of matmul operation is dominant. For 
vector operation, the increase in computation time due to 
creating a histogram can also be ignored, since the 
calculation time of the layer is dominated by the memory 
access time. 

 
Fig. 8. Histogram  of the  training phase. 

 

Fig. 9. Diagram of leftmost set bit of integer value. 

2) Shared Exponent Calculation 
An example histogram is shown in Fig. 8. Shared 

exponent  is calculated by, first, determining  so that 
any outliers, which is shown in yellow in Fig. 8, are removed. 
Here, we define  as the outlier rate, which corresponds 
to the overflow rate in [7].  represents the maximum bit 
obtained by removing the outlier corresponding to  from 
the maximum index of the histogram, as shown in Fig. 8. 
Then,  is calculated by subtracting bit-width excluding 
sign bit, 7 for INT8-with-DSE, from . 

On the assumption that the distributions of tensor 
elements between consecutive training phases are similar, 
shared exponent  for the training phase is 
determined from the histogram of the  training phase. 
However, in deeper networks, the histogram of each tensor 
shows a larger variation across the training phase, so the 
shared exponent in the current training phase cannot be 
predicted accurately from the previous training phase, as 
shown in Fig. 10. From the distribution for the  training 
phase shown in Fig. 8, shared exponent  is set to . In 
the  training phase, the values of tensor  increase 
and the distribution moves to right. As a result, the ratio of 
overflow data has exceeded the . Values are 
unexpectedly overflow, as shown by the red bar in Fig. 10, 
and the precision of the data is degraded with shared 
exponent . To prevent such overflow, we add an 
“offset” to the shared exponent. Then,  is thus calculated 
from  and “offset”: 
 

   (8) 
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Fig. 10. Histogram  of the  training phase. From distribution 

variation, shared exponent  is not predicted accurately. 

IV. EXPERIMENT AND RESULT 

A. Image classification 
To evaluate the accuracy of image classification DNNs 

quantized with INT8-with-DSE, we trained AlexNet [1], 
VGG19 [2], and ResNet-50 [3] with INT8-with-DSE using 
ImageNet. For the acceleration of training, we inserted batch 
normalization layer [12] to VGG19, and we call this VGG19 
model “VGG19BN”. We also compared the accuracy of the 
quantized DNNs against those of the DNNs trained with 
FP32. The hyperparameters used in this experiment are 
shown in TABLE II.  The learning rate was reduced from the 
initial learning rate in one step for AlexNet or in two steps 
for the VGG19BN and ResNet-50 networks. Momentum 
Stochastic Gradient Descent (mSGD) [13] was also applied 
for improving accuracy. 

TABLE II.  HYPERPARAMETER SETTINGS IN EXPERIMENT 

Parameter AlexNet VGG19BN ResNet-50 
Mini-batch size 256 32 256 
Dropout rate 0.5 0.5 - 
Optimizer mSGD mSGD mSGD 
Momentum 0.9 0.9 0.9 
Weight decay* 0.0005 0.0005 0.0001 
Regularization type L2 L2 L2 

 for DSE 0.01% 0.01% 0.002% 
*Default values are based on the vanilla networks. 
 

1) Date Format For Layers 
We applied mixed precision with INT8-with-DSE and 

FP32. INT8-with-DSE was applied to all layers excluding 
the last fully connected layer and softmax layer for all three 
networks. For ResNet-50, in addition that, we excluded to 
apply INT8-with-DSE to batch normalization, ReLU and 
max pooling layers in the first conv1 block. 
 

2) Offset for Shared Exponent 
The variation in the histogram of each tensor in each 

training phase for AlexNet and VGG19BN networks is 
relatively small since the number of layers is small. As a 
result, the shared exponents calculated in the previous 
training phase can be directly used for the calculation in the 
current training phase. For deeper networks, however, such 
as ResNet-50, the variation in the histogram of each tensor is 
larger across the training phase, so the shared exponents in 
the current training phase cannot be accurately predicted 
from the ones calculated in the previous training phase. 

Fig. 11 shows the transition in the difference between the 
shared exponent calculated on the basis of the histogram of 
current training phase and previous training phase for error 
tensors in ResNet-50. The x-axis of the heatmap shows the 
training epochs and the y-axis denotes the difference. The 

cell of the heatmap indicates the cumulative value of each 
difference among 5 epochs. 

Fig. 11 shows that the lower the learning rate, the smaller 
the difference. Therefore, we adjusted the offset in 
accordance with the learning rate. Controlling the offset 
values of the shared exponents resulted in accuracy for 
ResNet-50 equivalent to that for FP32 calculations. 
Furthermore, the offset was adjusted to decrease as the 
learning rate decreased. 
 

 
Fig. 11. Transition of shared exponent difference for backward propagation 

path of ResNet-50. 

3) Throughput 
We estimated training time on each DNN. In each layer 

of DNNs, the computation and memory access to obtain the 
data required for the computation are executed in parallel. 
We estimated both of computation time and memory access 
time for each layer, and chose the longer time from the two. 
The computation time was estimated based on the total 
operation count and the peak computation performance as 
shown in TABLE III. The memory access time was also 
estimated based on the total input and output tensor size and 
the memory throughput as shown in TABLE III. The 
memory throughput of INT8-with-DSE is four times greater 
than that of FP32. The performances in TABLE III.  
correspond to those of readily available GPU [14]. 

The estimated training time on ResNet-50 is shown in Fig. 
12. The estimated training time for INT8-with-DSE includes 
10 additional operation time per output tensor element as an 
overhead of creating a histogram. Our estimation is that the 
computation throughput is improved up to 3.7-times over 
that of FP32 by using INT8-with-DSE. We estimated 
computation throughput in the same manner in regards with 
AlexNet and VGG19BN, the computation throughput is 
improved up to 3.2 and 3.4-times over that of FP32 by using 
INT8-with-DSE, respectively. 

TABLE III.  COMPARISON PERFORMANCE AND MEMORY BANDWIDTH 
FOR TRAINING TIME ESTIMATION 

 Computation(operation/s) Memory(element/s) 
FP32 15T 225G 
INT8 60T 900G 

 

 
Fig. 12. Graph of estimated training time per training phase of ResNet-50. 

4) Results of Image Classification 
The experimental results are shown in Fig. 13 and 

TABLE IV. The accuracy of the DNNs quantized with INT8-
with-DSE was equal to that with FP32. 
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Fig. 13. Top-1 and top-5 accuracies of evaluated networks and each “offset” setting. “lr” denotes the learning rate.

TABLE IV.  TOP-5 ACCURACY AND PERFORMANCE IMPROVEMENT 
RATIO FOR INT8-WITH-DSE COMPARED WITH FP32 

 AlexNet VGG19BN ResNet-50 
FP32 79.44% 89.22% 92.28% 
INT8-with-DSE 79.28% 88.59% 92.22% 
Throughput 3.2x 3.4x 3.7x 

 

B. Natural language processing 
We also trained a 6-layer Transformer-base translation 

network on WMT17 English to German dataset. The matmul 
calculations, except for the two linear transformations in the 
fully connected feed-forward networks in the encoder and the 
linear transformation in the decoder output, were executed 
using INT8-with-DSE ( = 0% and offset=0). The 
distribution of the activation tensor elements of the linear 
transformations to which INT8-with-DSE could not be 
applied were not in 8-bit range, so the calculation of these 
linear transformations was executed in INT16-with-DSE. As 
shown in TABLE V. , the BLEU score quantized using 
INT8/16-with-DSE was equal to that with FP32. The 
estimated computation throughput is improved up to 2.1-
times over that of FP32 using INT8/16-with-DSE. 

TABLE V.  BLEU SCORE AND THROUGHPUT FOR TRANSFORMER 

 Score Throughput 
FP32 23.95 1.0 
INT8/INT16-with-DSE 23.97 2.1 

 

V. CONCLUSION 
In our proposed 8-bit training method for quantized 

DNNs, the distributions of the tensor elements calculated in 
the previous training phase are used in the current training 
phase. The weight, activation, and gradient tensors are 
represented in an 8-bit fixed point data format, and the shared 
exponent are dynamically controlled. Satisfactory accuracy 
for deeper networks such as ResNet-50 was obtained by 
adjusting the offset added to the shared exponents in 
accordance with the variation in the statistics. The proposed 
quantization method can provide up to 3.7-times 
computation throughput compared with FP32, without 
degrading the accuracy of the DNN. 
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