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Abstract 

This dissertation presents computational cost reduction techniques of deep neural 

networks (DNNs), including automated hyperparameter search, not only for established 

fields such as image processing but also for emerging fields such as materials discovery. 

Existing DNN computational cost reduction techniques often require complex manual 

hyperparameter tuning, limiting their efficiency and broad applicability. Furthermore, 

methods effective in established fields like image processing often prove inefficient when 

applied to emerging domains such as materials discovery. To address these limitations, 

we propose five novel techniques: (1) an 8-bit shifted dynamic fixed-point (S-DFP) 

quantization method minimizing accuracy loss; (2) a structured pruning method using 

zero-padding layers to improve compression efficiency, especially for networks with 

shortcut connections; (3) a gradient-aware automatic pruning rate search (GAPRS) 

algorithm automating optimal pruning rate selection; (4) a novel self-supervised learning 

method employing atom replacement for efficient learning with unlabeled materials data; 

and (5) a novel active learning method leveraging expanded features of material structural 

data to reduce the cost of generating labeled training data. We evaluated these techniques 

extensively. For image processing, experiments on ImageNet and CIFAR-10 using 

various ResNet architectures demonstrated significant reductions in model size and 

computational cost. For example, a 60.1% parameter reduction in ResNet-50 on 

ImageNet with 76.17% accuracy retained. For materials discovery, experiments on the 

Open Catalyst 2022 benchmark dataset using various graph neural networks (GNNs) such 

as PaiNN for material energy prediction showed that our method achieved the lowest 

prediction error with the fewest training data compared to existing methods. 

Chapter 1 shows research background of the dissertation and basic characteristics for 

existing DNN computational cost reduction techniques such as quantization, pruning, 

self-supervised learning, and active learning.  

In Chapter 2, challenges in DNN computational cost reduction are summarized: (1) 

trade-off between prediction accuracy, computation speed and model size of DNNs, (2) 

manual hyperparameter tuning for accelerating methods of DNN, and (3) DNNs 

computational cost for emerging fields such as materials discovery.  
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In Chapter 3, a quantization method using shifted dynamic fixed-point format for 

DNNs training is proposed. To prevent accuracy degradation due to quantized DNN 

training when using conventional DFP format, S-DFP shifts the data representable range 

of DFP from a large value area to a small value area by adding bias to the exponent of 

DFP. Using the proposed S-DFP format for quantized DNNs training, the quantized 

model can be trained using 8-bit fixed-point precision without significant accuracy 

degradation on the ImageNet task with ResNet-32, ResNet-50, ResNet-101, and ResNet-

152. Since the validation accuracy of the quantized model with proposed S-DFP was 

achieved equivalent accuracy with FP32 regardless of the depth in ResNet, the proposed 

S-DFP is expected to significantly improve the accuracy of the quantized model 

regardless of the DNN model type, such as transformer other than ResNet. In addition, 

the proposed method achieved the equivalent accuracy with conventional 16-bit DFP 

instead of using 8-bit S-DFP. 

In Chapter 4, to reduce the workload of inefficient manual pruning rate assignment, we 

describe our proposed automatic pruning rate search method named GAPRS for 

structured pruning. In the proposed method, by selecting a pruning rate in which the 

pruning error is smaller than a pre-defined threshold, the accuracy degradation of the 

pruned model is suppressed. Furthermore, we describe a structured pruning method 

without degrading the prediction accuracy of complex DNNs with shortcut connection. 

To improve the inference speed and the compression ratio for the DNN model with a 

shortcut connection such as ResNet, zero-padding layers are inserted into all input paths 

to the addition operator. The experimental results demonstrate that the pruned model 

accuracy can be effectively controlled by the proposed method. In addition, the pruning 

rate derived by the proposed method can be converged. We experimentally showed the 

superiority of GAPRS against various state-of-the-art methods on CIFAR-10 and 

ImageNet using various ResNet architectures. For ResNet-50, our method achieved a 

60.1% reduction in parameters and a 59.8% reduction in FLOPs while maintaining 

76.17% accuracy on ImageNet. These results demonstrate the effectiveness of GAPRS 

and our proposed method of inserting zero-padding layers. in achieving high compression 

ratios without model accuracy degradation. 

Chapter 5 presents novel self-supervised learning (SSL) and active learning methods 

designed to reduce the computational cost of materials discovery using DNNs. Our 
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proposed mask-less SSL method employs atom replacement with unlabeled data to 

improve the accuracy of catalyst energy prediction using GNNs. Unlike existing SSL 

methods that utilize fictitious "mask" atoms, our approach leverages only real elements, 

thereby promoting more efficient learning. We evaluated this method on three benchmark 

datasets (OC22, Poisoned Catalyst, and Expanded Poisoned Catalyst) using CGCNN and 

PaiNN GNNs, achieving the lowest prediction error across all experiments. Furthermore, 

we introduce a novel active learning method to enhance the accuracy of DNN-based 

catalyst energy prediction with limited training data. This method leverages all available 

material properties (structure and energy) to minimize the required training data. 

Evaluations on three benchmark datasets (OC22, NRR, and ORR) using PaiNN and 

EquiformerV2 GNNs demonstrate that our method achieves the lowest mean absolute 

error (MAE) among all evaluated sampling methods even with the fewest data. 

Chapter 6 summarizes the conclusions of this study. This dissertation presents methods 

for achieving low-cost DNN computation and automated hyperparameter optimization to 

accelerate DNNs, addressing both established applications such as image processing and 

emerging fields such as materials discovery. Our work contributes to bridging the DNN 

computational demand-supply gap in diverse fields, including image processing and 

materials discovery, by avoiding inefficient manual hyperparameter tuning. 

Keywords: Neural networks, Computational cost reduction, Model compression, 

Quantization, Pruning, Self-supervised learning, Active learning, Dynamic fixed-point, 

Structured pruning, Pruning rate search, mask less SSL, Feature sampling. 
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Chapter 1 Introduction 

1.1 Background of Research Area 

 

Fig. 1.1  Trends in DNN computation and single-processor computing power.  

 

Deep neural networks (DNNs) have achieved great success in various areas such as 

image classification [1] and semantic segmentation [2]. However, as DNN models have 

become deeper and more complex alongside improvements to network performance, 

the deployment of DNNs on resource-constrained devices such as embedded systems 

and mobile phones is limited. [3] and [4] show the relationship between prediction 

accuracy and model size of DNNs. As the prediction accuracy of DNN improves, their 

computational complexity and the number of DNN parameters increase proportionally. 

Furthermore, the increasing trend in computational demands and model sizes for neural 

networks far exceeds the increasing trend in single-processor computing power and 

memory capacity [5, 6, 7, 8]. Figure 1.1 shows the year-by-year trends in DNN 

computation demand and single-processor computing power. While single-processor 

computing power roughly doubles every two years, DNN computational demands 

increase by a factor of 30 every two years. Figure 1.2 shows the year-by-year trends in  
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Fig. 1.2  Trends in DNN model size and single-processor memory capacity. 

 

DNN model size and single-processor memory capacity. While single-processor memory 

capacity doubles every two years, DNN model size increases by a factor of 80 every two 

years. As these figures show, the recent increasing trends in DNN computation and model 

size far outpace the performance improvement trend of single processors. While DNNs 

have seen remarkable progress in domains such as image processing and natural language 

processing, their application to computationally intensive numerical simulations, 

particularly in materials discovery, is gaining traction as a means of accelerating 

calculations [91, 92, 93]. However, generating the labeled training data necessary for 

these DNNs relies on computationally expensive conventional numerical simulations, e.g., 

density functional theory (DFT) [88]. The substantial amount of labeled data required for 

high-accuracy DNNs results in a dramatically increased labeling cost in materials 

discovery compared to the established fields such as image processing and natural 

language processing. Consequently, the computational demand-supply gap in DNN-based 

materials discovery is further exacerbated. To bridge the demand-supply gap of DNN 

computation, it is necessary to introduce not only hardware technologies such as 

improvements in single-processor performance, but also various software technologies to 

reduce computational cost. 
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Fig. 1.3  The effects of quantization. 

 

Fig. 1.4  The effects of pruning. 

 

Quantization and pruning are proposed as representative software technologies that 

achieve both computational acceleration and model size reduction in DNNs [9]. In the 

field of deep learning, quantization refers to representing data expressed in 32-bit or more 

with a lower bit-width, such as 8-bit. As shown in Fig. 1.3, for example, representing data 

originally expressed in 32-bit with 8-bit allows four times as many arithmetic units to be 

placed on a chip of limited area, resulting in a fourfold increase in computing power. 

Furthermore, the data capacity is reduced to one-fourth, resulting in a one-fourth 

reduction in the DNN model size. 
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Fig. 1.5  The degree of model size reduction in (a) quantization and (b) pruning. 

 

Pruning, on the other hand, is a technique that sets the weight values representing a DNN 

model to zero. A DNN model is generally represented by a directed graph, as shown in 

Fig. 1.4. The edges w11, w21, and w31 represent the weights of the DNN. In the node 

part of the graph, the data output from each node and the weighted sum with the weights 

of the edges are calculated. In a pruned DNN model, the weights become zero. Therefore, 

since the edges are pruned, the number of weighted sum calculations performed in the 

node part also decreases. Furthermore, the model size of the DNN is reduced by the 

amount of the pruned weights. In quantization and pruning, the degree of model size 

reduction is determined by parameters such as “bit-width” and “pruning rate”. For 

example, in a quantized DNN model, as shown in Fig. 1.5(a), the degree of speedup and 

reduction in the quantized model varies depending on the bit-width used for quantization. 

The pruning rate, as shown in Fig. 1.5(b), represents the proportion of weights pruned by 

pruning. These bit-widths and pruning rate are manually set by the designer before 

applying quantization or pruning to the DNN. Such parameters that are manually set by 

the designer before program execution are called hyperparameters. Hyperparameters can 

also be defined as parameters whose values cannot be automatically determined by the 

algorithm executing the DNN. 

Self-supervised learning (SSL) and active learning are proposed as software techniques 

to mitigate the high labeling costs associated with training data [139, 115]. SSL is a 

method for training DNNs using unlabeled data by creating labels from transformations 

applied to the unlabeled data itself, as illustrated in Fig. 1.6. This eliminates the need for 

manual labeling, thereby significantly reducing the labeling cost. In image processing, a 

common example is training a model to predict the rotation angle of unlabeled images 

that have been rotated by a known, self-determined amount.  
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Fig.1.6  Examples of self-supervised learning. 

 

 

Fig.1.7  Examples of active learning. 

 

The rotation angle, serving as the label, is inherently known, thus enabling supervised 

learning with only unlabeled data. Similarly, in natural language processing, a prevalent 

approach involves masking portions of text and training the model to predict the masked 

words. The location and identity of the masked words, which serve as labels, are known 

because they are self-determined. So, this method facilitates supervised learning using 

only unlabeled data. Active learning is a sampling method that selects informative data 

from a large pool of unlabeled data to train high-accuracy DNNs with limited labeled data. 

A representative active learning method, uncertainty sampling, is illustrated in Figure 1.7. 

The policy of uncertainty sampling is to reduce model uncertainty, i.e., to improve the 

model accuracy, by learning from highly uncertain data first. Thus, this method chooses 
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the data from the unlabeled data by calculating the uncertainty of all unlabeled data. For 

example, if multiple models accurately classify "fish," it indicates sufficient existing 

knowledge, so "fish" data are excluded from the training set. However, if multiple models 

produce inconsistent predictions for "horse", i.e., high uncertainty, it suggests a 

knowledge gap, leading to the inclusion of "horse" data in the training set. 

 

Fig. 1.8  Quantized DNN model size vs. accuracy on ImageNet task [10]. 

 

 

Fig. 1.9  Pruned DNN model size vs. accuracy on ImageNet and Penn Tree Bank [11]. 

Conventional computational cost reduction technologies have three main challenges. 

The first is the trade-off between DNN prediction accuracy and its computational speed 

and model size. Figure 1.8 and Figure 1.9 shows the relationship between model size and 

accuracy of compressed DNN models by quantization and pruning [10, 11]. As DNN 

models are compressed by quantization and pruning, they lose information including 

weights. Since weights determine the representational capacity of DNNs, the more 

weights are reduced to compress the DNN model, the more its accuracy tends to degrade. 
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The second challenge is the need for manual hyperparameter tuning to obtain a 

lightweight DNN model with the desired accuracy. As shown in Fig. 1.8 and Fig. 1.9, 

there is a trade-off between DNN accuracy and model size. Therefore, to obtain a 

lightweight model with the desired accuracy, it is necessary to set hyperparameters such 

as bit-width and pruning rate while considering this trade-off. However, many AI service 

developers lack expertise in DNN lightweighting techniques such as quantization and 

pruning. As mentioned in the first challenge, there is a trade-off between DNN prediction 

accuracy and computational speed and model size. Therefore, it is difficult for AI service 

developers to manually adjust hyperparameters to optimize this trade-off.  

 

Fig. 1.10  Examples of material structural data. 

 

The third challenge is DNNs computational cost for emerging fields such as materials 

discovery. As shown in [88], a major challenge in materials discovery is the high cost of 

generating labeled training data. Although SSL and active learning are promising 

approaches to reduce labeling costs, the challenge is the inefficiency of directly applying 

existing computational cost reduction technologies to emerging fields such as materials 

discovery. Materials discovery typically utilizes 3D structural data, where atoms are 

positioned in three-dimensional coordinates (Fig. 1.10), and the goal is to predict material 
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properties such as energy. Applying rotating SSL methods like those in Fig. 1.6 to this 3D 

structural data is problematic because rotating the structure does not change its properties; 

thus, rotation-based SSL is not applicable. In the case of applying masked SSL, since 

multiple atoms composing the material structure are masked, there is an inability to utilize 

the information of masked atoms to predict the other masked atoms. Furthermore, because 

these “masks” are artificially generated for SSL task, the data of the “mask” are not 

contained in the real data. Therefore, a mismatch occurs between the pre-training by the 

SSL task and the fine-tuning by the downstream task. The application of active learning 

using uncertainty sampling necessitates the evaluation of prediction variability across 

multiple models, resulting in increased computational cost. 

1.2 Overview of This Study 

This dissertation aims to research practical DNN computational cost reduction 

techniques not only for limited researchers and established fields like image processing 

and natural language processing, but also for AI service developers engaged in product 

development and emerging field such as materials discovery. Specifically, this research 

investigates methods to improve the trade-off between the accuracy of quantized and 

pruned DNNs and their computational speed and model size. In addition, using pruning 

as an example, this research investigates a method to automatically determine 

hyperparameters, such as the pruning rate, which determine the degree of computational 

acceleration and model compression, without sacrificing the prediction accuracy of the 

DNN. Furthermore, this research investigates methods to reduce labeling cost of training 

datasets used for DNNs utilized in materials discovery. 

1.3 Overview of This Dissertation 

Figure 1.11 illustrates an overview of this dissertation. Chapter 1 provides background, 

objectives, and an overview of this study. Chapter 2 discusses challenges in accelerating 

methods of DNNs computation: trade-off between computation speed, model size and 

prediction accuracy of DNN, and the difficulties of manual hyperparameter tuning for 

DNN accelerating methods. Chapters 3, 4, and 5 present novel techniques to address these 

challenges. 
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Chapter 3 presents a low bit-widths quantization method that maintains the prediction 

accuracy of complex DNNs. First, we propose an 8-bit shifted dynamic fixed-point format 

(S-DFP) for quantized DNNs. Then we demonstrate effectiveness of using our proposed 

S-DFP format in training quantized DNNs on the ImageNet task using ResNet-32, 

ResNet-50, ResNet-101, and ResNet-152. The model quantized by our proposed format 

can be trained using 8-bit fixed-point precision without significant accuracy degradation. 

Chapter 4 introduces an automatic hyperparameter search for DNNs acceleration 

methods such as pruning to avoid inefficient manual hyperparameter assignment. This 

study shows an automatic pruning rate search method for structured pruning of DNNs to 

reduce the workload of inefficient manual pruning rate assignment for achieving the 

target accuracy of the pruned model. Because our method utilizes the pruning error (the 

difference in weight magnitude before and after pruning) to determine the pruning rate, it 

is applicable to quantization. Furthermore, we propose a structured pruning method 

without degrading the prediction accuracy of complex DNNs with shortcut connection. 

To improve the inference speed and the compression ratio for the DNN model with a 

shortcut connection such as ResNet, we propose structured pruning method that inserts 

zero-padding layers into all input paths to the addition operator. We demonstrate that our 

proposed method can reduce the model parameters and the number of floating-point 

operations (FLOPs) on CIFAR-10 and ImageNet with various ResNets while maintaining 

good accuracy. 

Chapter 5 proposes novel SSL and active learning methods for materials discovery 

DNNs to reduce computational cost. In SSL study, we propose a mask-less SSL method 

with atom replacement using unlabeled data to improve the catalyst energy prediction 

accuracy of GNNs. The proposed SSL aims for efficient learning by replacing atoms by 

only using the actual existing elements, whereas the existing SSL methods use non-

existing atoms of “mask”. We evaluate the proposed SSL on the three material benchmark 

datasets, OC22, Poisoned Catalyst, and Expanded Poisoned Catalyst, using energy 

prediction GNNs of CGCNN and PaiNN. The evaluation results show that the proposed 

SSL improves the prediction error of predicted energy in all experimental cases. In active 

learning study, we propose a novel active learning method to improve the catalyst energy 

prediction accuracy of GNNs with limited training data. Our method aims to reduce the 

number of training data by leveraging all available metrics, including material data such 
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as structure and energy. We demonstrate effectiveness of our method on three material 

benchmark datasets, OC22, NRR, and ORR, using energy prediction GNNs of PaiNN 

and EquiformerV2. The evaluation results show that our method improves the MAE of 

the predicted energy with limited training data among all evaluated sampling methods. 

Finally, Chapter 6 summarizes the conclusions of this dissertation. This dissertation 

presents methods for achieving low-cost DNN computation and automatic 

hyperparameter optimization for DNN acceleration, addressing not only established 

applications such as image processing but also emerging fields such as materials 

discovery. 

 

 

Fig. 1.11  Overview of this dissertation. 
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Chapter 2 Challenges in DNN computational 

cost reduction 

In this chapter, issues of DNN computational cost reduction techniques are 

summarized: (1) trade-off between prediction accuracy, computation speed and model 

size of DNNs, (2) manual hyperparameter tuning for accelerating methods of DNNs, and 

(3) DNNs computational cost for emerging fields such as materials discovery. First, issues 

of quantization and pruning are presented. Next, issues of manual hyperparameter tuning 

in acceleration methods for DNNs are introduced. Finally, we describe issues of labeling 

cost of DNNs utilized for materials discovery. 

2.1  Performance Trade-off in lightweighted DNNs 

2.1.1 Challenges in the quantization of DNNs 

To reduce the DNNs computation time such as training time, various quantization 

methods have been proposed. Two earlier reports [12, 13] have proposed DNN training 

methods using quantized weight and activation. One reported method [14] uses 16-bit 

floating-point (FP16) to quantize the gradient in addition to weight and activation for 

DNN training. The DNN training time is reduced according to the precision of datatype. 

Therefore, it is effective for using reduced precision for data representation and 

calculation [15]. Some earlier methods [16, 17] transform the data format representing 

single precision floating-point (FP32) into narrower bit-width floating-point format such 

as FP16 and 8-bit floating-point (FP8). Calculations using integer precision improve the 

energy efficiency of hardware for deep learning models in comparison with the use of 

floating-point format [18]. However, because the data representation range of integers is 

narrower than that of floating-point, the accuracy of the quantized model with integers is 

generally lower than when using floating-point for quantization [22]. Several methods 

[19, 20] have been proposed to prevent degradation of accuracy when using integers. One 

method [19] uses 16-bit dynamic fixed-point precision (DFP16) for DNN training on the 

ImageNet task with ResNet-50 [21] to prevent accuracy degradation. Although another 

method [20] proposes DNN training using 8-bit fixed-point, [20] does not evaluate the 
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accuracy using complex DNN models such as ResNet. Therefore, quantization methods 

with a low bit-width, such as 8-bit, without degrading the prediction accuracy of complex 

DNN models are highly expected. 

2.1.2 Challenges in the pruning of DNNs 

Pruning is one way to reduce the DNN model size and computational complexity. 

Pruning methods are classified as either “unstructured pruning” and “structured pruning”, 

as shown in Fig. 2.1.  

 

Fig.2.1  Overview of unstructured pruning and structured pruning. 

 

 

Fig.2.2  Model implementation example on structured pruning in a channel-wise 

manner. 

 

In unstructured pruning, unimportant connections are pruned based on defined criteria, 

and they are not necessarily small in value [24, 33, 53]. For example, when the value of 

weight is used for the pruning importance, small value elements in the weight tensor 

below a threshold determined by a pruning rate are removed. However, unstructured 

pruning leads to the generation of a sparse matrix. Since the inference speed of DNN 

models with a sparse matrix can only be accelerated by using special processors, the 
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practicality of unstructured pruning is limited. Structured pruning was therefore proposed 

to accelerate the inference speed on any processor [25, 26, 27, 28]. In structured pruning, 

pruning target weights are pruned with a higher granularity (e.g., neuron-wise manner) 

than in unstructured pruning, which means a model pruned by structured pruning can be 

easily represented on the code. The code in Fig. 2.2 shows an example when applying 

channel-wise structured pruning to a convolutional layer in Pytorch. Thanks to this 

feature, the inference speed of a model pruned by structured pruning can be accelerated 

on any processor. 

 

Fig.2.3  Example of shortcut connection with an addition operator and how to work the 

addition operator. (a) Feature maps from multiple layers are input to the addition operator. 

(b) In the addition operator, input multiple feature maps are added in an element-wise 

manner. (c) When the number of input feature maps is different, the addition operator 

cannot work. 
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Applying pruning results in a trade-off between prediction accuracy and model size 

[80], similar to quantization. Therefore, structured pruning methods that achieves low 

model size without degrading the prediction accuracy of complex DNN models are highly 

expected. A shortcut connection with an addition operator shown in Fig. 2.3(a) is often 

used for recent complex DNN models such as ResNet. Figure 2.3(b) shows how to work 

the addition operator. When multiple feature maps are input to the addition operator from 

multiple layers, the elements of the same index in the feature maps are added. Thus, the 

number of input feature maps must be the same. Here, when applying the pruning, the 

layers of the pruning target model are pruned independently, which means the number of 

input feature maps to the addition operator may not align, as shown in Fig. 2.3(c). In the 

case of Fig. 2.3(c), the addition operator cannot work. Therefore, to guarantee the 

calculation in the addition operator, the number of multiple input feature maps to the 

addition operator must be equal. In the original ResNet model [29], a zero-padding layer 

is inserted only into the shortcut connection to align the number of input feature maps, 

and no zero-padding layer is inserted into the residual block path because the number of 

feature maps from the shortcut connection is always less than the number of feature maps 

from the residual block. However, when all layers are candidates for pruning, the output 

channels of the residual block may be pruned, which leads to cases where there are fewer 

feature maps from the residual block path than from the shortcut connection, i.e., the 

numbers of each do not align. 
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2.2  Manual hyperparameter tuning in DNN acceleration 

methods 

Existing DNN acceleration techniques such as quantization and pruning have many 

hyperparameters to optimize the lightweighted DNN model. For example, earlier pruning 

works [25, 26] have removed channels in accordance with the value ranking of the L1-

norm of each pruning target filter. Another method [27] automatically derives the 

channels that should be pruned by using group LASSO and prunes filters to minimize the 

pruning error of feature maps connected to the output of the pruning target filters. There 

is also a method [28] that utilizes the gradient for pruning importance to consider the 

effect of pruning on the pruned model’s accuracy. These existing methods prune weights 

in accordance with the pruning importance (e.g., the magnitude of the weight [24, 33]) 

and the pruning rate. Typically, the pruning rate is given manually, and the model is then 

pruned by the given pruning rate, as shown in Fig. 2.4. When an inappropriate pruning 

rate is given, the pruned model accuracy is degraded considerably as well as quantization 

[80]. Thus, the hyperparameters for acceleration methods of DNNs such as pruning rate 

and bit-width need to be iteratively searched by hand until the accuracy of the pruned 

model meets the target. However, there are many diverse applications in the industry such 

as image processing, natural language processing, materials discovery, and so on. Hence, 

various DNN models and datasets are utilized, which makes it impractical to implement 

manual hyperparameter searches for all practical cases. To reduce the workload of 

manually assigning hyperparameter in pruning and quantization to achieve the target 

accuracy of the pruned and the quantized model, we propose an automatic pruning rate 

search method for structured pruning shown in Fig.2.5. Because our method utilizes the 

pruning error (the difference in weight magnitude before and after pruning) to determine 

the pruning rate, it is applicable to quantization. 
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Fig.2.1  Pruning procedure in the existing manual pruning. 

 

 

Fig.2.2  Pruning procedure in the proposed automatic pruning. 
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2.3  DNNs computational cost for materials discovery 

To realize a carbon-free society, the sustainable production of various commodities 

must become economically viable. Ammonia has recently attracted attention as a next-

generation energy carrier as its combustion does not result in carbon dioxide emissions 

[108]. It is currently produced via the Haber-Bosch process, which has a considerable 

carbon footprint [109]. Thus, much research effort has been put into the search for 

materials able to catalyze the electrochemical synthesis of ammonia at ambient 

temperature and pressure recently [81, 82, 83, 110]. Similarly, a fuel cell is a device that 

generates electricity by producing water from oxygen and hydrogen without emitting 

carbon dioxide. Identifying cheaper alternatives to the currently used Platinum-based fuel 

cell electrocatalysts is highly desirable [111, 112].  

While the search for new catalysts was once led by experimentalists, first-principles 

calculations have in the last decade become the tool of choice [84, 85, 86, 110, 112,]. The 

use of computational methods makes it possible to scan through large groups of potential 

materials without having to produce them in the laboratory, saving both time and money. 

In the search for novel catalysts, quantities that characterize the chemical reactivity of a 

surface are of great importance, an example of which is the adsorption energy of 

adsorbates on the surface [87], which is calculated from the total electronic energy of the 

catalytic system. The electronic energy is obtained using density functional theory (DFT), 

which is a first principles-based methodology to find approximate solutions to the 

Schrodinger equation. With recent advances in algorithms and increasing computational 

resources, materials discovery using DFT is being widely employed. However, the 

computational cost of DFT calculations scales with the third power of the number N of 

electrons being modeled O(N3), so the computational cost becomes prohibitive for larger 

systems [88]. In the past few years, energy prediction methods using graph neural 

networks (GNNs) have been proposed to reduce the computational cost of energy 

calculations [90, 113, 114]. However, computationally heavy DFT calculations are still 

required to generate labeled training data to create highly accurate DNNs. 

 

 

  



  31 

 

 

2.4  Summary 

This section summarizes the issues of computational cost reduction methods of DNN : 

⚫ Trade-off between prediction accuracy and computational cost 

⚫ Manual hyperparameter tuning in acceleration method of DNNs 

⚫ DNNs computational cost for materials discovery 

These issues must be considered to achieve both low computational cost and high 

accuracy of DNNs, even for users without specialized knowledge of DNNs. To solve 

these issues, acceleration method of DNNs computation for both established fields like 

computer vision and emerging field like materials discovery, and the automated 

hyperparameter tuning method must be integrated. In this dissertation, the novel 

techniques are presented in Chapters 3 to 6 to address the issues. 
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Chapter 3  Quantization for DNN acceleration 

This chapter describes the low bit-widths quantization method without degrading the 

prediction accuracy of complex DNN models. For this purpose, we studied following 

contents: 

1) The 8-bit shifted dynamic fixed-point format for quantized DNNs is proposed. 

2) Using our proposed format for quantized DNNs training, the quantized model 

can be trained using 8-bit fixed-point precision without significant accuracy 

degradation on the ImageNet task with ResNet-32, ResNet-50, ResNet-101, and 

ResNet-152. 

 

Recent advances in deep neural networks have achieved higher accuracy with more 

complex models. Nevertheless, they require much longer training time. To reduce the 

training time, training methods using quantized weight, activation, and gradient have been 

proposed. Neural network computation by integer format improves the energy efficiency 

of hardware for deep learning models. Therefore, training methods for deep neural 

networks with fixed-point format have been proposed. However, the narrow data 

representation range of the fixed-point format degrades neural network accuracy. To 

solve these issues, we propose a new fixed-point format named shifted dynamic fixed-

point (S-DFP) to prevent accuracy degradation in quantized neural networks training. S-

DFP can change the data representation range of dynamic fixed-point format by adding 

bias to the exponent. We evaluated the effectiveness of S-DFP for quantized neural 

network training on the ImageNet task using ResNet-34, ResNet-50, ResNet-101 and 

ResNet-152. For example, the accuracy of quantized ResNet-152 is improved from 76.6% 

with conventional 8-bit DFP to 77.6% with 8-bit S-DFP. 
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3.1 S-DFP: 8-bit shifted dynamic fixed-point for quantized 

DNNs 

3.1.1 Related works 

3.1.1.1  Quantization for DNN training 

Floating-point format and integer format are used mainly for quantized neural network 

training. The floating-point format has a wide representable range. Therefore, the 

expected loss of information is small when applying floating-point format to quantization 

for DNN training. One reported method [14] proposed quantization method using FP16 

with no marked accuracy degradation. Two earlier reports [16, 17] described the use of 

FP8 for DNN training. Neural network calculation by integer format improves the energy 

efficiency of hardware for deep learning models [18]. Therefore, training methods using 

fixed-point precision have also been proposed. Earlier studies [19, 20] have assessed 

training methods with fixed-point format, with high expected energy efficiency of 

hardware. One of those methods [19] uses DFP16 to prevent accuracy degradation. 

Although another method [20] uses a DNN training method with DFP8, its accuracy has 

not been evaluated the accuracy using complex DNN models such as ResNet. 

3.1.1.2 Dynamic fixed-point 

An earlier report [19] described the DNN training method with DFP format. Figure 3.1 

shows the IEEE-754 standard FP32 format and DFP8 format. Although floating-point has 

one exponent for each variable, DFP shares an exponent with multiple variables. The 

single shared exponent is applied generally to the respective tensors, such as the weight, 

activation, and gradient. When quantizing the FP32 vector of X=[x1,…, xn]
T using DFP, 

the value of shared exponent of DFP es is derived from the exponent of the absolute 

maximum value of X as presented below. 

 

where exponent() represents the exponent of input argument, em denotes the exponent of 
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absolute maximum value of X, x is an element of X, and BW is the bit-width of the 

integer part of DFP, as shown in Fig. 3.1. 

 

 

Fig. 3.1  IEEE-754 standard single precision floating-point format (FP32) and 8-bit 

dynamic fixed-point format (DFP8). 

 

Fig. 3.2  Distribution of the weight gradient before and after quantization with DFP 

format in the first convolution layer on ImageNet task with ResNet-50 trained by FP32. 

Figure 3.2 shows a distribution of weight gradient and data representation range before 
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and after quantization with DFP. The data representation range of DFP is represented the 

difference between es and em as shown in Fig. 3.2. Therefore, the bit-width of the integer 

part represents the data representation range, as given in Eq. 3.2. The value of quantized 

element with DFP is represented as shown below. 

 

 

where xi is the i-th element of X and xi,q is the i-th element of Xq. Because the shared 

exponent of DFP es is derived from the absolute maximum value of quantization target 

vector X, the small value included in the vector before quantization is out of the data 

representation range of DFP, as shown in Fig. 3.2. Furthermore, the small value is 

rounded to zero or the minimum value that can be represented by DFP. Therefore, when 

the distribution is broad, most small values including the vector before quantization are 

rounded to zero when quantizing with DFP. 

3.1.2 Quantized DNNs training with shifted dynamic fixed-point 

To avoid information loss by rounding in quantization, we propose a training method 

using S-DFP format for quantized DNN training without any marked accuracy 

degradation. S-DFP can change the data representation range of DFP by adding bias to 

the exponent. This section first presents the cause of accuracy degradation when using 

DFP8 for quantized DNN training. Subsequently, we show the proposed quantized DNN 

training method with 8-bit S-DFP (S-DFP8). 

3.1.2.1 Analysis of accuracy degradation with dynamic fixed-point 

Figure 3.3 shows the validation accuracy on the ImageNet task with ResNet-34 when 

using FP32 and DFP8. From Fig. 3.3(b), when using only DFP8 for training, the accuracy 

is degraded markedly. One reason for accuracy degradation when using DFP is that the 

step size in the weight update becomes large by quantizing the weight gradient with DFP 

in comparison with when using FP32. Figure 3.4 shows the relation between the step size 

in the weight and the loss function when using DFP8 and FP32. In DNN training using 

stochastic gradient descent (SGD), the loss function is reduced by updating the weight 

with the weight gradient. Additionally, the value of the loss function is optimized by the 

step size depending on the value of weight gradient. When using DFP for quantization,  
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Fig. 3.3  Top-1 validation accuracy on ImageNet task with ResNet-34: (a) accuracy 

during 0 to 90 epochs and (b) accuracy during 60 to 90 epochs. 

 

Fig. 3.4  Relation between the step size of the weight update and loss function: (a) 

because of the large step size when using DFP8, it is difficult to reach the minimum loss 

function; (b) because the step size is small when using FP32, the loss function can reach 

the minimum. 

because the small values included in the vector before quantization are out of the data 

representation range of DFP, the small values are rounded to zero or the minimum value 

that can be represented by DFP, as shown in Fig. 3.2. Therefore, information of the small 

values which are containing the vector before quantization is lost. In contrast, since loss 

of information of large values contained in the vector before quantization is small, the 

weight gradient quantized with DFP includes more information of large values than 
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information of small values. Therefore, when using the weight gradient quantized with 

DFP, it is difficult for the weight to reach a position that minimizes the loss function 

because the weights are not updated by the small step size of the weight gradient as shown 

in Fig. 3.4(a). On the other hands, as shown in Fig. 3.4(b), when switching the data format 

of DNN model from DFP8 to FP32 in the middle of training, the step size in weight update 

is also switched from a large value to a small value as shown in Fig. 3.4(b). Consequently, 

because the weight can move the position at which the loss function is reduced, the 

accuracy of quantized model becomes equivalent to the accuracy achieved with FP32. 

3.1.2.2 Shifted dynamic fixed precision format 

Figure 3.5 shows an overview of the proposed S-DFP format to reduce the step size 

during weight updating. As shown in Fig. 3.5(a), the conventional DFP format is intended 

mainly to represent large values without overflow by application of large value shared 

exponents while the range of underflow becomes large. Therefore, because only the 

information of large values remains in the weight gradient quantized by the conventional 

DFP, the step size of the weight update becomes large. On the other hand, the proposed 

S-DFP format can reduce underflowed entries by changing the exponent value of DFP, 

as shown in Fig. 3.5(b). To shift the data representation range of DFP so that the data 

representation range of DFP includes small values in the vector before quantization, we 

modify the definition of shared exponents em and es to em_mod and es_mod respectively, as 

shown in Eq. 3.4 and Eq. 3.5. 

 

 

  

In these equations, bias is the parameter to shift the data representation range of DFP. 

The value of quantized element with DFP using modified exponent is represented as 

presented below. 

 

 

 

The proposed S-DFP format uses these modified exponents instead of conventional 

exponents. es_mod becomes small by setting a positive value to bias, the data representation  
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Fig.3.5  Overview of the proposed quantization method: (a) When using conventional 

DFP, the large value information remains, whereas the small value information is lost. 

(b) When using proposed S-DFP, the data representable range of DFP is shifted by adding 

bias to the exponent. Consequently, the large value information is lost and the small value 

information remains 

 

range of DFP is shifted to the area of small values depending on the value of bias. 

Therefore, information of small values including the vector before quantization remains 

in the vector after quantization. In contrast, large values including the vector before 
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quantization are overflowed. Consequently, as shown in Fig.3.5, because the modified 

shared exponent quantizing the weight gradient by S-DFP, the step size during weight 

update becomes smaller than when quantizing the weight gradient using conventional 

DFP. 

Algorithm 3.1 summarizes the training method for quantized DNN models using the 

proposed S-DFP. 

 

Algorithm 3.1  DNN training procedure in the proposed quantization method. 

 

 

  

1:  Set the training duration to num. 

2:  for i=0 to num do 

3:   Calculate the loss by the quantized weight and activation with DFP. 

4:   Backpropagate by quantized activation gradient with DFP. 

5:  if validation accuracy is saturated then 

6:    Quantize the weight gradient with proposed S-DFP. 

7:  else 

8:    Quantize the weight gradient with DFP. 

9:  end if 

10:  Update weight with the quantized weight gradient. 

11: end for 
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3.1.3 Experiment 

We evaluated the proposed quantization method on the ImageNet classification task 

using ResNet-34, ResNet-50, ResNet-101, and ResNet-152. The DNN models were 

trained by momentum SGD with L2 weight decay. The mini-batch size was 256. The 

momentum coefficient was 0.9. The coefficient of weight decay was 10−4. The initial 

learning rate was 0.1. The learning rate was multiplied by 0.1 every 30 epochs. We 

quantized the weight, activation, weight gradient and activation gradient using 

conventional DFP8. Furthermore, we quantized the weight gradient with proposed S-

DFP8 from 70 epochs at when the validation accuracy is saturated. We used stochastic 

rounding for the quantized model training proposed in [22]. During the weight update, 

the FP32 weights were subtracted by the DFP8 weight gradient to prevent accuracy 

degradation, as demonstrated in [14]. 

 

Fig. 3.6  Validation accuracy on the ImageNet task with ResNet-34 when applying S-

DFP8 using various bias values. 
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Fig. 3.7  Minimum training loss function and maximum validation accuracy on various 

bias. 

Table 3.1  Comparison of Top-1 maximum validation accuracies for the respective 

quantization methods. In all cases, bias=8. 

 

3.1.3.1 Parameters setting for S-DFP 

Because the step size for the weight update is changed depending on the S-DFP value, 

the value of bias affects the validation accuracy and loss function during training.   

Figure 3.6 displays the relation among bias, validation accuracy and training loss function 

on the ImageNet task with ResNet-34 when switching the data format for quantization 

from conventional DFP to S-DFP in the middle of training for the quantized model. As 

shown in Fig. 3.7, when the bias is small, because the step size is large, the training loss 

function does not become small. As a result, the maximum validation accuracy is also 

small. When the bias is large, because the step size becomes small, the number of weights 

updating times becomes large to reduce the loss function sufficiently. Consequently, 
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unless the number of training times are increased, the maximum validation accuracy can 

be expected to be small. In this paper, bias for each evaluated model, we chose the bias 

which achieved the best maximum validation accuracy. The bias of each evaluated DNN 

model is shown in Table 3.1. 

 

Fig. 3.8  Effects of S-DFP applying timing on the ImageNet classification task with 

ResNet-34. Suitable timing for applying S-DFP to quantized model training is after 

saturating validation accuracy. 

 

Figure 3.8 shows the validation accuracy when applying S-DFP for weight gradient 

quantization at the timing of 60 epochs and 70 epochs. When applying S-DFP with a 

positive bias to weight gradient quantization, the step size for weight update becomes 

small. Therefore, when S-DFP is applied from 60 epochs with low accuracy, the 

maximum validation accuracy becomes small unless the number of training times are 

increased. In contrast, when S-DFP is applied from 70 epochs with high accuracy, 

because the maximum validation accuracy is improved to that of FP32 without increasing 

the number of training times, the timing of S-DFP applied for weight gradient 

quantization is suitable for after the validation accuracy saturation. In this paper, we 
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applied S-DFP for weight gradient quantization from 70 epochs when using ResNet-34, 

ResNet-101, and ResNet-152. Moreover, we applied S-DFP for weight gradient 

quantization from 80 epochs when using ResNet-50. 

3.1.3.2 Experimental results 

The experimental results of validation accuracy are shown in Fig. 3.9, Fig. 3.10, Fig. 

3.11, Fig. 3.12, and Table 3.1. The validation accuracy of the quantized model with 

conventional DFP8 are degraded as the number of layers of ResNet gets deeper. On the 

other hand, the validation accuracy of the quantized model with proposed S-DFP was 

achieved equivalent accuracy with FP32 regardless of the depth in ResNet. Therefore, the 

proposed S-DFP is expected to significantly improve the accuracy of the quantized model 

regardless of the DNN model type, such as transformer other than ResNet. 

Table 3.2 presents a comparison of the accuracies with those obtained from earlier 

studies [19] that used 16-bit DFP and [23] that used 8-bit DFP for quantized DNN training 

on ImageNet task with ResNet-50. Our proposed method achieved DNN training and 

inference with 8-bit quantization while maintaining 75.4% accuracy on ImageNet. These 

results demonstrate a smaller accuracy degradation than the that of conventional DFP8. 

In addition, the proposed method achieved the equivalent accuracy with conventional 16-

bit DFP. Therefore, the proposed S-DFP format is more suitable for accelerating DNN 

training while maintaining accuracy in comparison with conventional DFP format. 
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Fig. 3.9  Experimental results on the ImageNet classification task with ResNet-34: 

(left) Top-1 validation accuracy during whole training duration. (right) Top-1 validation 

accuracy after 60 epochs. 

 

Fig. 3.10  Experimental results on the ImageNet classification task with ResNet-50. 
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Fig. 3.11  Experimental results on the ImageNet classification task with ResNet-101. 

 

 

Fig. 3.12  Experimental results on the ImageNet classification task with ResNet-152. 
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Table 3.2  Comparison of Top-1 validation accuracies with related works on ImageNet 

task with ResNet-50. 

 

3.2  Summary 

In this chapter, we describe our proposed quantization method using S-DFP format for 

DNNs training. To prevent accuracy degradation due to quantized DNN training when 

using conventional DFP format, S-DFP shifts the data representable range of DFP from 

a large value area to a small value area by adding bias to the exponent of DFP. Using the 

proposed S-DFP format for quantized DNNs training, the quantized model can be trained 

using 8-bit fixed-point precision without significant accuracy degradation on the 

ImageNet task with ResNet-32, ResNet-50, ResNet-101, and ResNet-152. Since the 

validation accuracy of the quantized model with proposed S-DFP was achieved 

equivalent accuracy with FP32 regardless of the depth in ResNet, the proposed S-DFP is 

expected to significantly improve the accuracy of the quantized model regardless of the 

DNN model type, such as transformer other than ResNet. In addition, the proposed 

method achieved the equivalent accuracy with conventional 16-bit DFP instead of using 

8-bit S-DFP. Therefore, the proposed method is more suitable for accelerating DNN 

training while maintaining accuracy in comparison with conventional DFP format. 
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reduced precision (%)
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Bit-widthFormatMethod
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Chapter 4  Automated hyperparameter search for 

DNN acceleration 

This chapter describes an automatic hyperparameter search for DNNs acceleration 

methods such as pruning to avoid inefficient manual hyperparameter assignment. For this 

purpose, we studied the following contents: 

1) We propose an automatic pruning rate search method for structured pruning of 

DNNs to reduce the workload of inefficient manual pruning rate assignment for 

achieving the target accuracy of the pruned model. 

2) We demonstrate that our proposed method can reduce the model parameters and 

the number of floating-point operations (FLOPs) on CIFAR-10 and ImageNet with 

various ResNets while maintaining good accuracy. 

3) Because our method utilizes the pruning error (the difference in weight magnitude 

before and after pruning) to determine the pruning rate, it is applicable to 

quantization. 

 

Furthermore, we described a structured pruning method without degrading the 

prediction accuracy of complex DNNs with shortcut connection. In addition, we 

demonstrate the effectiveness of our proposed pruning method with zero-padding layers: 

4) To improve the inference speed and the compression ratio for the DNN model with 

a shortcut connection such as ResNet, we propose structured pruning method that 

inserts zero-padding layers into all input paths to the addition operator. 

5) Using our proposed pruning method, the compression ratio and the FLOPs of the 

pruned model is considerably improved without significant accuracy degradation 

on the ImageNet task with ResNet-34 and ResNet-50, and CIFAR-10 with ResNet-

32, ResNet-56, and ResNet-110. 

 

Structured pruning is utilized to compress the neural network model size. Existing 

methods require manual assignment of the pruning rate, which can lead to significant 

accuracy degradation if the pruning rate is not assigned appropriately. To address this 

issue, we propose GAPRS (Gradient-Aware Automatic Pruning Rate Search), an 

automatic pruning rate search method for structured pruning. Our method reduces the 
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workload associated with manual pruning rate assignment and ensures the target accuracy 

of the pruned model. Our method initially sets multiple pruning rate candidates and then 

automatically searches for the appropriate pruning rate using the pruning error and the 

gradient of the pruned weights. By applying an iterative pruning approach, our method 

can significantly prune the entire model without being constrained by the initial pruning 

rate candidates. Additionally, we propose a technique to enhance the compression ratio 

for models with shortcut connections, such as ResNet, by inserting zero-padding layers 

into all input paths to the addition operator. We evaluated GAPRS against various state-

of-the-art methods on CIFAR-10 and ImageNet using various ResNet architectures. For 

ResNet-50, our method achieved a 60.1% reduction in parameters while maintaining 

76.17% accuracy on ImageNet. These results demonstrate the effectiveness of GAPRS in 

achieving high compression ratios without model accuracy degradation. 

4.1 GAPRS: Gradient-aware automatic pruning rate search 

for structured pruning 

4.1.1 Related works 

4.1.1.1 Importance for pruning 

When applying weight pruning to a DNN model, the weights with small importance 

below a threshold determined by the pruning rate are removed. The importance of 

structured pruning is calculated in terms of high granularity, such as channels. The 

magnitude of weights is widely utilized for pruning importance [24, 33, 52, 54, 59], as 

are the pruning error of feature maps [25, 27, 53] and the scaling factor of the batch 

normalization layer [31]. Previous works [28, 55-58] utilize the gradient of the loss 

function with respect to the weights targeted for pruning for importance to reflect how 

the pruned weights affect the accuracy of the pruned model. The gradient indicates the 

change in the loss function of the pruned model. This reflects the impact of the pruned 

weights on the accuracy of the pruned model. Therefore, by utilizing the gradient for 

importance, we can expect to perform pruning while assessing loss change. However, 

another work [32] has reported that using the gradient for pruning importance results in 

lower performance of the pruned model than that obtained by using the magnitude. 
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4.1.1.2 Local pruning and global pruning 

Local pruning and global pruning are the two main methods for setting the pruning rate. 

Local pruning [24, 45, 60-62] sets the pruning rate individually for each layer of the target 

model. Typically, the number of combinations of pruning rates is extremely high in local 

pruning, making it difficult to find the optimal combination of rates. In contrast, global 

pruning [33, 56, 63, 64] sets only one pruning rate for the entire model, and the pruning 

rate for each layer is generally different from the pruning rate of the entire model. 

Although only one pruning rate is set in global pruning, it is still manually determined. 

Therefore, the pruning rate must be manually tuned through trial and error while checking 

the accuracy of the pruned model. 

 

4.1.1.3 One-shot pruning and iterative pruning 

The pruned model is often fine-tuned to mitigate the accuracy degradation caused by 

pruning. Earlier works [25, 34] have proposed a one-shot pruning, where the model is 

pruned at a high pruning rate only once and then fine-tuned. Alternatively, there is an 

iterative pruning [25, 26, 35, 66-68] that iteratively prunes the model at a low pruning 

rate and fine-tunes it. Other works [33, 65, 68] have reported that the accuracy 

degradation of the pruned model is less with iterative pruning than with one-shot pruning. 

 

In our proposed method, the magnitude of weights is used as the importance for pruning 

to mitigate the accuracy degradation of the pruned model. Unlike conventional local and 

global pruning, where the pruning rates are manually set, the proposed method 

automatically derives the pruning rate for each layer that does not degrade the accuracy 

of the pruned model by utilizing the gradients of the pruned weights. Therefore, even if 

the model is complex and the number of pruning rate combinations is large, it is easier to 

find the optimal pruning rate for each layer compared to conventional methods (details of 

the derivation method are described in Section 4.1.2.1). Furthermore, the proposed 

method iteratively performs pruning and fine-tuning using the automatically derived 

pruning rates to mitigate the accuracy degradation of the pruned model. 
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4.1.2 Automatic pruning rate search 

An overview of our proposed automatic pruning rate search method is presented in Fig. 

4.1. First, we construct the model for pruning, as shown in Fig. 4.1(a). Next, the pruning 

rate for each layer is chosen from the pruning rate candidates by comparing the pruning 

error with the threshold (Fig. 4.1(b)). The pruning error is defined by the L1-norm of the 

difference between the weight before and after pruning. Hence the magnitude of the 

pruning error depends on the pruning rate, as shown in Fig. 4.1(b). The threshold is 

derived from the gradient of the pruning target weight. (Details of how to derive the 

threshold are described in Section 4.1.2.1) The largest pruning rate among the candidates 

exhibiting a pruning error less than the threshold is used for pruning. In Fig. 4.1(b), the 

pruning rate candidates are set to 50%, 40%, 30%, 20%, 10%, 0%. Note that, the threshold 

is derived by Taylor expansion in our method. Therefore, the threshold includes the  

 

Fig. 4.1  Overview of our proposed pruning search. The pruning rate for each layer is 

chosen from the pruning rate candidates by comparing the pruning error with the 

threshold. The model is then pruned using the chosen pruning rates, and the pruned model 

is fine-tuned. If the accuracy of the fine-tuned model meets the target, the pruned fine-

tuned model is moved to the next step (f); otherwise, the model is discarded and the 

pruning rates are re-searched. Our method iteratively searches for pruning rates until the 

pruning rate for all layers chosen in step (b) is 0%. 

 

approximation error. To avoid an incorrect pruning rate search stemming from the 

approximation error included in the threshold by the Taylor expansion, we implement the 

trust region method [51, 69]. Trust region method is an optimization method for 

parameters that include errors. In the trust region method, the upper bound of the 

parameters including errors is limited. In our method, since the threshold includes the 
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approximation error by Taylor expansion, the upper bound of the threshold is set. After 

deriving the pruning rate, the pruning target model is pruned, as shown in Fig. 4.1(c), and 

then the pruned model is fine-tuned, as shown in Fig. 4.1(d). The fine-tuned model is then 

evaluated (Fig. 4.1(e)) to determine if it achieves the target accuracy. If the accuracy of 

the fine-tuned model meets the target, the pruned fine-tuned model is moved to the next 

step; otherwise, it is discarded. We continue to apply the model pruning iteratively until 

the pruning rate for all layers chosen in step Fig. 4.1(b) is 0% (Fig. 4.1(f)). By applying 

the model pruning iteratively, the entire model can be pruned by a lower granularity 

pruning rate than the pruning rate candidates. The details for each step in Fig.3 are 

described in the following subsections. 

4.1.2.1 Pruning rate search by gradient-aware threshold 

The loss function of the model pruned by the ideal pruning rate is expected not to be 

degraded. We set this ideal situation as the following constraint: The loss function of the 

model pruned by the ideal pruning rate is less than or equal to the loss function of the 

model before pruning. When only one element of the pruning target weight vector is 

pruned, this constraint is presented as 

 

 

 

where  is the i-th element of a pruning target weight vector ( ),  is the 

number of elements of the pruning target weight vector, and  is a pruning error of 

.  is defined as the difference between the weight magnitude before and after 

pruning of the i-th element. Thus, .  is a loss 

function of the pruned model. is the loss function of the model before pruning. By 

applying first-order Taylor expansion to the loss function of the pruned model presented 

in Eq. 4.1, we can derive 

 

 

 

 

where  is the weight vector without pruning. Here, since  is 
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the weight vector without pruning,  represents the loss function of the model 

before pruning. Therefore, as the value of  is the same as the value of , Eq. 4.2 

cannot be satisfied. To satisfy Eq. 4.2, we relax the constraint by introducing a margin of 

the loss function, namely, the loss function of the model pruned by the ideal pruning rate 

is less than or equal to the loss function of the model before pruning “with a margin”. We 

modify Eq. 4.2 in accordance with the relaxed constraint, as 

 

 

 

Where  is the margin of the loss function introduced by the relaxed constraint, 

and  is the hyperparameter to control the value of the loss function margin. By 

isolating  on the left-hand side of Eq. 4.3 and rearranging the other terms to the 

right-hand side, the threshold of the pruning error  that satisfies the relaxed 

constraint is derived as follows. 

 

 

 

 

Equation 4.4 represents the upper bound of the pruning error  when only the 

element  of the weight vector  is pruned. Therefore, we can determine whether 

 can be pruned or not in terms of the loss function degradation by pruning using Eq. 

4.4.  

Next, we expand Eq. 4.4 for higher granularity pruning, such as channel-wise pruning. 

A similar equation to Eq. 4.4 holds for each element  included in : 

 

 

 

 

Equation 4.4′ represents the upper bound of  when each element  is pruned. In 

channel-wise pruning, we remove an entire channel, which removes all elements w1 to 

 of  associated with that channel. Therefore, since the total pruning error for a 
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channel is the sum of the individual weight pruning errors within that channel, the upper 

bound of the pruning error in channel-wise pruning is represented by the sum of the 

absolute values of the errors when each element in  is pruned, . Thus, by 

summing the inequality of Eq. 4.4′ from  = 1 to , we can obtain the upper bound of 

the pruning error in channel-wise pruning: 

 

 

 

We obtain the upper bound of the average pruning error per weight by normalizing both 

sides by the number of elements  in the weight vector : 

 

 

 

where  is the L1-norm of the pruned weight normalized by the number of elements 

of the pruned weight . The right side of Eq. 4.5 is the threshold of , . The loss 

function of the pruned model does not degrade when the pruning error  is less than 

or equal to the threshold . Therefore, the pruning rate where  is less than or equal 

to  can be found by comparing  and  while changing the pruning rate. In our 

method, the changed pruning rate is chosen from the pruning rate candidates Ratecand, and 

the largest pruning rate chosen from Ratecand where  is less than or equal to  is 

used for the model pruning, as shown in Fig. 4.1(b). 

In Eq. 4.5, since the hyperparameter  affects the value of , may affect the 

result of the chosen pruning rate from Ratecand. However, in our proposed method, the 

pruning rate utilized for model pruning is chosen only when the accuracy of the model 

pruned by the chosen pruning rate meets the target accuracy, as shown in Fig. 4.1(e). In 

other words, even if an extreme value is given to , the chosen pruning rate is not used 

for model pruning unless the pruned model’s accuracy meets the target accuracy. As a 

result, the accuracy of the model pruned by the pruning rate derived with our method is 

robust against the value of . We experimentally demonstrate the robustness of the 

accuracy and the compression ratio of the model pruned by our method against  in 

Section 4.1.3. 
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Both  and  in Eq. 4.5 are derived from each . Therefore, our proposed 

method derives the pruning rate for each  in the same way as local pruning. In other 

words, the proposed method can derive the pruning rate for any pruning granularity: 

layer-wise, channel-wise, or element-wise. It can thus also derive the pruning rate for 

unstructured pruning by calculating the pruning error at the level of element-wise 

granularity, not just for structured pruning. Algorithm 4.1 shows how the pruning rate is 

chosen from Ratecand. 

 

Algorithm 4.1 Pruning rate search by comparing pruning error  and threshold . 

 

  

Input: Pruning target weight  

Input: Threshold  

Input: Pruning rate candidates Ratecand  

# for example, Ratecand = [50%, 40%, 30%,20%, 10%, 0%] 

Output: Derived pruning rate 

1:   = 0 

2:  Ratetmp = Ratecand [ ] # Set maximum pruning rate Ratecand. 

3:  Calculate the pruning error  with Ratetmp. 

4:  while  ≤ number of Ratecand do 

5:   if  ≤  then 

6:     break 

7:   else 

8:      =  + 1 

9:     Ratetmp = Ratecand [ ]  

# Set the pruning rate as one lower than the last iteration. 

10:    Calculate pruning error  with Ratetmp. 

11:  end if 

12:  end while 

13:  return Ratetmp 
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Iterative pruning proposed in [26, 35] is a method for suppressing the pruning-related 

accuracy degradation. We also apply iterative pruning to the proposed pruning rate search. 

Specifically, the proposed method iteratively executes model pruning with the derived 

pruning rate and fine-tuning of the pruned model. The threshold at k times during iterative 

pruning is represented as 

 

 

 

where  is the pruned model weight after searching for the pruning rate k times and 

 is the -th element of . Since k represents the number of times a pruning rate 

search is implemented, when k = 0,  is the same as the weight before model pruning. 

Therefore, the value of  is the same as that of . As a result, the initial value of 

threshold  depends on the value of , because  in the 

numerator of the right side of Eq. 4.6 becomes zero. 

 includes an approximation error because it is derived by Taylor expansion. Thus, 

the pruning rate derived by Eq. 4.6 also includes an approximation error. To mitigate the 

impact of approximation errors from the Taylor expansion on the pruning rate search, we 

implement the trust region method [51, 69], which is an optimization method that utilizes 

parameters including errors. Specifically, we optimize the threshold  derived from 

the Taylor expansion within the trust region. The trust region is defined as the range from 

zero to the upper bound of the parameters to be optimized, including error. In the proposed 

method, since  includes the approximation error,  for all pruning target weight 

tensors is limited by the upper bound : 

 

 

Here,   is a vector of the thresholds. 

 is the threshold for each pruning target weight , and  represents the 

number of the pruning target weight. At each step of the pruning rate search,  is 

dynamically updated based on whether the accuracy of the pruned model meets the target 

accuracy. The details of how to update are described in Section 4.1.2.2. The method 

for setting the initial value of  is described in Section 4.1.2.3. 
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4.1.2.2 Model pruning, fine-tuning, and accuracy evaluation 

After deriving the pruning rate, the pruning target model is pruned by the derived 

pruning rate. Our proposed method utilizes the L1-norm of the weight value for pruning 

importance, and then we fine-tune the pruned model to compress the accuracy 

degradation by pruning. We utilize the remaining weights of the pruned model for fine-

tuning. 

To obtain a pruned model with the target accuracy, the proposed method evaluates the 

accuracy of the pruned model after fine-tuning Accf, and then compares Accf with the 

target accuracy. To control the target accuracy, we introduce a parameter Accctrl. When 

comparing the accuracy, we first set the baseline accuracy Accb, then set the target 

accuracy Accb Accctrl. Accb is set to the accuracy of the model before pruning since the 

pruned model accuracy typically is expected to be the same as the accuracy of the model 

before pruning. When Accf exceeds the target accuracy Accb Accctrl, fine-tuning is 

terminated before reaching the maximum epoch, and it proceeds to the next step, Fig. 

4.1(f). The maximum epoch for fine-tuning is set as an initial value before fine-tuning. 

Otherwise, the fine-tuned model is discarded. 

The parameter  that limits the upper bound of the threshold is also updated by using 

the accuracy comparison result. When Accf meets the target accuracy Accb Accctrl, the 

approximation error included in the threshold is expected to small and the pruned model 

is likely to still contain redundant parts.  is thus increased so that a higher pruning 

rate can be chosen for the next pruning rate search and the remaining redundant parts can 

be removed. In contrast, when Accf does not exceed the target accuracy Accb Accctrl, the 

approximation error is expected to large and  is decreased. 

The proposed method iteratively executes pruning rate selection, model pruning, fine-

tuning, and accuracy comparison until the pruning rate of 0% is chosen in the step of Fig. 

4.1(b) for all pruning target weights. 

4.1.2.3 Initializing and updating the upper bound of threshold 

When the initial value of the upper bound for threshold  is small, the initial 

threshold  is set to a small value at the first search, as the upper bound of  is 

limited by  due to the constraint in Eq. 4.7. Consequently, small pruning rates are 
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chosen at the first pruning rate search. This can lead to early termination of the search. In 

extreme case, if  is zero, since all pruning rates are set to 0%, pruning rate search 

is terminated in the first search. To avoid this, the maximum pruning rate in Ratecand 

should be chosen at the first search. In our method, according to Eq. 4.5, the maximum 

pruning rate in Ratecand can be chosen when is set to more than the value of the 

maximum pruning error calculated by the maximum pruning rate. Additionally, from Eq. 

4.7, the L2-norm of  is limited by . Therefore, when  is set to the L2-norm of 

the maximum pruning rate, the limitation of pruning rate selection by  does not occur. 

Consequently, to set the maximum pruning rate in Ratecand, we set the value of  to 

the L2-norm of the maximum pruning rate in the pruned model. 

The proposed method updates  to a larger value when the accuracy of the finetuned 

model meets the target accuracy during the pruning rate search. However, when the value 

of  is extremely large, convergence of the pruning rate search takes a long time. We 

thus limit the upper bound of  by . 

Algorithm 4.2 summarizes the overall procedure of the proposed pruning rate search. 

  



58  Chapter 4  Automated hyperparameter search for DNN acceleration 

 

 

Algorithm 4.2 Proposed automatic pruning rate search. 

 

  

Input: Pre-trained model 

Input: Pruning rate candidates: Ratecand 

Input: Loss margin control parameter  

Input: Accuracy control parameter Accctrl 

Output: Derived pruning rate 

1: Calculate Accb using the pre-trained model. 

2: Calculate loss function and gradient by pre-trained model. 

3: Target model ← pre-trained model 

4: Initialize upper bound of threshold  to  

5: while pruning rate for all layers is 0%. do 

6:  Calculate threshold  using Eq. 4.6 

7:  if L2-norm of >  then 

8:      Scale all  so that L2-norm  equals . 

9:  end if 

10:  Derive the pruning rate per layer by Algorithm 5.1. 

11:  Prune Target model with derived pruning rate. 

12:  Fine-tune the pruned Target model. 

13:  Calculate Accf using the fine-tuned model. 

14:  if Accf ≥ Accb Accctrl then 

15:      Target model ← fine-tuned model 

16:      Calculate loss function and gradient by Target model. 

17:      = min(2 × , ) 

18:  else 

19:       = 0.5 ×  

20:  end if 

21: end while 

22: return Derived pruning rates, Target model 
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4.1.3 Structured pruning around shortcut connection with zero-padding layers 

Recent state-of-the-art DNN models such as ResNet often use a shortcut connection 

with an addition operator shown in Fig. 2.3. When multiple feature maps are input to the 

addition operator from multiple layers, the elements of the same index in the feature maps 

are added by the addition operator. Thus, the number of input feature maps must be the 

same. Here, when applying the pruning, the layers of the pruning target model are pruned 

independently, which means the number of input feature maps to the addition operator 

may not align, as shown in Fig. 2.3(c). As a result, the addition operator cannot work. 

Therefore, to guarantee the calculation in the addition operator, the number of multiple 

input feature maps to the addition operator must be equal. In the original ResNet model 

[29], a zero-padding layer is inserted only into the shortcut connection to align the number 

of input feature maps, and no zero-padding layer is inserted into the residual block path 

because the number of feature maps from the shortcut connection is always less than the 

number of feature maps from the residual block. However, when all layers are candidates 

for pruning, the output channels of the residual block may be pruned, which leads to cases 

where there are fewer feature maps from the residual block path than from the shortcut 

connection, i.e., the numbers of each do not align.  

To improve the compression ratio around the addition operator, we insert zero-padding 

layers into all input paths to the addition operator to align the number of feature maps 

from multiple paths, as presented in Fig. 4.2. The inserted zero-padding layers append the 

zero matrices to the output of all layers other than the layer that has the largest number of 

channels, thus ensuring that the number of channels of all input layers to the addition 

operator is aligned. For example, in Fig. 4.3, one channel is pruned in layer A, and three 

channels are pruned in layer B. Thus, the number of remaining channels is three in layer 

A and one in layer B. Hence, to align the number of feature maps from layer A and layer 

B, the inserted zero-padding layer for layer B appends two zero matrices. Now that the 

number of feature maps from multiple layers is aligned, the addition operator can execute 

the operation using the input feature maps. 

  



60  Chapter 4  Automated hyperparameter search for DNN acceleration 

 

 

 

Fig. 4.2  Proposed pruning method around shortcut connection. Zero-padding layers are 

inserted into all input paths to the addition operator. 

 

 

Fig. 4.3  Details of the proposed pruning method around shortcut connection. Inserted 

zero-padding layers append zero matrices to the output of the layers with fewer channels. 

The zero matrices are appended so that the number of channels of all input feature maps 

to the addition operator is aligned. 
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4.1.4 Experiments 

We evaluate the proposed method on CIFAR-10 [29] and ImageNet (ILSVRC-2012) 

[30] training and validation datasets with various ResNets to determine its effectiveness 

with different difficulty levels and depth models. For the experiment with CIFAR-10, we 

use ResNet-32, ResNet-56, and ResNet-110. The model pre-trained with CIFAR-10 

published in [36] is utilized here. The mini-batch size is 128. The maximum fine-tuning 

duration is 250 epochs. The initial learning rate is 0.1 and is multiplied by 0.1 at epochs 

100, 150, and 200. For the experiment with ImageNet, we use ResNet-34 and ResNet-50. 

The published model pre-trained with ImageNet provided by PyTorch [37] is utilized here. 

The mini-batch size is 256. The maximum fine-tuning duration is 90 epochs. The initial 

learning rate is 0.01 and is multiplied by 0.1 at epochs 30 and 60. The common conditions 

of both experiments with CIFAR-10 and ImageNet are as follows. We use cross-entropy 

loss functions to train the model both before and after pruning. The evaluated models are 

fine-tuned by momentum stochastic gradient descent (SGD) with L2 weight decay. The 

momentum coefficient is 0.9. The weight decay coefficient is 10−4. The control parameter 

of the loss function margin  is set to 0.1. The pruning rate candidates Ratecand are set 

to {50%, 40%, 30%, 20%, 10%, 0%}. The scaling factors for increasing and reducing  

are set to 2 and 0.5, respectively, as referenced in [69]. We use NVIDIA V-100 GPU for 

all experiments. 

4.1.4.1 Performance comparisons 

We compare the accuracy of the pruned model and the compression ratio of the 

parameters and FLOPs among the proposed method and earlier state-of-the-art works. 

Table 4.1 shows the performance comparisons on CIFAR-10 with ResNet-32, ResNet-

56, and ResNet-110. Table 4.2 shows the performance comparisons on ImageNet with 

ResNet-34 and ResNet-50. In the proposed method, we set Accctrl to achieve a similar 

pruned model accuracy to the earlier works. Our findings show that the proposed method 

achieves the best compression ratio of the parameters and FLOPs with a similar pruned 

model accuracy to earlier works in all evaluated cases. 
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Table 4.1  Comparison of experimental results on CIFAR-10. 

 

 

  

Compression ratio(%)Top-1 accuracy (%)
MethodModel

FLOPsParametersPruned modelBaseline

28.8N/A90.6392.63SFP [40] 2015

ResNet-32

53.2N/A91.9392.63FPGM [41] 2019

53.957.591.9792.64COP [34] 2019

55.856.292.1392.66SCOP [38] 2020

N/A64.292.1892.49BATUDE [48] 2022

43.143.492.6892.65KPGP [70] 2022

46.840.392.6492.63Chen et al. [71] 2024

55.6N/A92.3992.86Zheng et al. [72] 2024

57.356.592.3192.65Liu et al. [73] 2024

63.277.592.7092.63Ours (Acccnt =0.0)

N/A47.993.1293.04PaG [26] 2016

ResNet-56

50.042.493.1793.26HRank [43] 2020

37.611.893.3893.26GAL [44] 2019

56.056.393.6493.70SCOP [38] 2020

72.371.892.0593.26CHIP [47] 2021

54.0N/A93.7493.56ISP [49] 2022

68.063.593.1193.20EACP [76] 2023

45.540.393.6093.39Chen et al. [71] 2024

55.8N/A93.0493.64Zheng et al. [72] 2024

63.363.493.2993.26SFP-D [74] 2024

65.569.493.5993.20Liu et al. [73] 2024

72.277.893.7293.39Ours (Acccnt = 0.3)

68.668.792.6593.50HRank [43] 2020

ResNet-110

48.544.892.7493.50GAL [44] 2019

38.632.493.3093.53PF [25] 2016

N/A53.193.5693.53PaG [26] 2019

71.668.393.6393.50CHIP [47] 2021

61.864.893.5093.50DECORE [75] 2022

68.365.993.3593.30EACP [76] 2023

79.080.493.2193.54Liu et al. [73] 2024

86.791.593.6293.68Ours (Acccnt = 0.1)
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Table 4.2  Comparison of experimental results on ImageNet. 

 

4.1.4.2 Robustness evaluation for hyperparameter  

In our method, the pruning rate is derived by comparing the pruning error and the 

threshold. The threshold is derived by using the hyperparameter  that controls the 

loss function margin, as shown in Eq. 5.6. To investigate the robustness of the pruned 

model performance against , we evaluate the pruned model accuracy and the 

compression ratio of the pruned model while changing  on CIFAR-10 with ResNet-

32.  

Compression ratio(%)Top-1 accuracy (%)
MethodModel

FLOPsParametersPruned modelBaseline

43.843.772.3173.23NISP [42] 2018

ResNet-34

N/A45.372.3573.30PaG [26] 2019

41.1N/A72.6373.92FPGM [41] 2018

39.139.772.9373.31SCOP [38] 2020

45.236.372.7473.31Zhang et al. [70] 2022

43.450.673.0173.27Ours (Acccnt = 0.3)

36.833.772.0472.88ThiNet [45] 2017

ResNet-50

45.044.574.5076.18Taylor [46] 2019

55.651.574.9576.01DCP [39] 2018

43.736.674.9876.15HRank [43] 2020

52.455.075.1576.01Adapt-DCP [50] 2022

35.030.175.4876.18Taylor [46] 2019

42.2N/A75.5976.15FPGM [41] 2019

N/A45.775.6476.15PaG [26] 2019

45.342.875.9576.15SCOP [38] 2020

48.744.276.1576.15CHIP [47] 2021

56.6N/A75.9776.15ISP [49] 2022

64.3N/A75.1576.15CRP [77] 2023

60.4N/A75.0476.13MOS [78] 2024

53.854.773.9575.82EACP [76] 2023

53.5N/A75.1276.12Zheng et al. [72] 2024

52.750.375.2476.15SFP-D [74] 2024

44.9N/A75.7776.15Lu et al. [79] 2023

55.652.575.6876.15Liu et al. [73] 2024

50.444.275.2976.13Chen et al. [71] 2024

59.860.176.1776.15Ours (Acccnt = 0.0)
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Fig. 4.4  Pruned model performance against the hyperparameters on CIFAR-10 with 

ResNet-32. (a)Performance against  (Accctrl = 0%). The accuracy and compression 

ratios of the pruned model are robust for the  choice when  is greater than zero. 

(b) Performance against Accctrl (  =0.1). The pruned model accuracy can be effectively 

controlled by Accctrl. 

 

The result is presented in Fig. 4.4(a). As we can see, when  is greater than zero, since 

the accuracy and the compression ratio of the pruned model are not changed significantly, 

the choice of does not significantly affect the pruned model performance. 

In contrast, when is zero, the compression ratio of the pruned model becomes 0%. 

In our method, the threshold at k times during the pruning rate search is derived by 

Eq. 4.6. So when is zero, the threshold  is represented as  

 

 

 

When  is zero,  represents the initial value of the threshold used for the 

first pruning rate search. 

 

 

 

Where  is the weight of the model before pruning. Hence  represents a loss 
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function of the model before pruning. Here,  is also defined as a loss function of the 

model before pruning. Therefore, as  and  are the same value,  

becomes zero. That is, the threshold used for the first pruning rate search becomes zero. 

In our method, the largest pruning rate among the candidates exhibiting a pruning error 

less than the threshold is used for pruning. In addition, our method terminates the pruning 

rate search when 0% is chosen as the pruning rate of all layers as shown in Fig. 4.1(b). 

Therefore, when  is zero, since the pruning rate for all layers is set to 0% at the first 

search, then the pruning rate search is terminated at the first search. As a result, since the 

model is not pruned when  is set to zero, the compression ratio of the pruned model 

becomes 0%. 

4.1.4.3 Accuracy control of pruned model 

The proposed method controls the accuracy of the pruned model using the accuracy 

control parameter Accctrl. We expect the accuracy of the pruned model to be the target 

accuracy Accb Accctrl. To see whether Accctrl can effectively control the pruned model 

accuracy, we investigate the relationship between the pruned model performance and 

Accctrl on CIFAR-10 with ResNet-32. The result is presented in Fig. 4.4(b), where we can 

see that the accuracy of the pruned model is almost the same value as the target accuracy. 

This demonstrates that the pruned model’s accuracy is effectively controlled by Accctrl. 

In Fig. 4.4(b), the compression ratios increase as the accuracy is reduced, which is 

consistent with the findings presented in earlier reports [33, 35]. 

4.1.4.4 Temporary pruning rate during pruning rate search 

We next investigate whether our method can automatically search the pruning rate in 

accordance with the pruned model accuracy. Fig. 4.5 shows the temporary pruning rate 

of the entire model, the accepted pruning rate of the entire model, and the accuracy of the 

fine-tuned model pruned by the temporary pruning rate during pruning rate search on 

CIFAR-10 with ResNet-32. The temporary pruning rate means the pruning rate chosen 

by our method at step (b) in Fig. 4.1. The accepted pruning rate means the pruning rate 

that is used for the fine-tuned model which satisfies the target accuracy. The pink-colored 

area in Fig. 4.5 represents the period during which the accuracy of the fine-tuned model 

pruned by the temporary pruning rate is less than the target accuracy. 
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Fig. 4.5  Pruning rate of the entire model and the pruned model accuracy during pruning 

rate search on CIFAR-10 with ResNet-32. The temporary pruning rate is the pruning rate 

chosen by our method at the step in Fig. 4.1(b), and the temporary pruned model accuracy 

is the accuracy pruned by the temporary pruning rate. The accepted pruning rate is the 

pruning rate that is used for the fine-tuned model which satisfies the target accuracy, and 

the accepted pruned model accuracy is the accuracy pruned by the accepted pruning rate. 

 

In Fig. 4.5, when our method chooses a high pruning rate, the accuracy of the fine-

tuned model does not meet the target accuracy (pink-colored period). Then our method 

discards the fine-tuned model pruned by the chosen pruning rates, and the accepted 

pruning rate is not updated. On the other hand, when the accuracy of the fine-tuned model 

meets the target accuracy (no colored period), our method accepts the fine-tuned model 

then the accepted pruning rate is updated to the chosen pruning rate. These results show 

that our method automatically searches for the pruning rates that meet the target accuracy. 
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4.1.4.5 Convergence of pruning rate search 

As the proposed method iteratively searches for the pruning rate, the convergence of 

the pruning rate search is also important. Fig. 4.6 presents the pruning rate of the entire 

model during the pruning rate search. The pruning rate increases rapidly at beginning of 

the search and then gradually converges. 

 

Fig. 4.6  Pruning rate of the entire model during pruning rate search. 

4.1.4.6 Effectiveness of inserting zero-padding layers 

Table 4.3 shows the experimental results of inserting the zero-padding layers. Our 

method considerably improves the compression ratio in all cases without any marked 

accuracy degradation. Fig. 4.7 shows the number of output channels of the pruned models 

for each layer. As we can see, the number of output channels for each layer is significantly 

different for the cases with and without zero-padding layers. Specifically, when the zero-

padding layers are not applied, the number of output channels varies greatly depending 

on the layer. In the case of pruning the residual block, if the zero-padding layers are not 

applied, then the channel size of the multiple feature maps input to the addition operator 

cannot be aligned. Therefore, since the residual block cannot be pruned, the number of 

output channels varies greatly depending on the layer. In contrast, when the zero-padding 
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layers are applied, the output channels for each layer are pruned regardless of the layer. 

Because the channel size of the multiple feature maps input to the addition operator can 

be aligned, the residual block can be pruned. Therefore, the compression ratio of the 

pruned model using our proposed zero-padding layers is improved. 

Table 4.3  Pruned model accuracy, compression ratio, and FLOPs with and without 

zero-padding layers. 

 

 

Fig. 4.7  Number of output channels before and after pruning. 

Compression ratio(%)Top-1 accuracy (%)Applying 

zero-padding layer
ModelDataset

FLOPsParametersPruned modelBaseline
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Yes
ResNet-110

86.791.593.6293.68
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ImageNet
43.450.673.0173.27Yes
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4.2  Summary 

In this chapter, to reduce the workload of inefficient manual pruning rate assignment, 

we proposed an automatic pruning rate search method for structured pruning. In the 

proposed method, by selecting a pruning rate in which the pruning error is smaller than a 

pre-defined threshold, the accuracy degradation of the pruned model is suppressed. In 

addition, to improve the compression ratio of the layers around the addition operator, 

zero-padding layers are inserted into all input paths to the addition operator. The 

experimental results demonstrate that the pruned model accuracy can be effectively 

controlled by the proposed method. In addition, the pruning rate derived by the proposed 

method can be converged. We experimentally showed the superiority of our method using 

various ResNets on CIFAR-10 and ImageNet. 
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Chapter 5 Cost-effective DNN training for 

materials discovery 

This chapter describes cost-effective DNN training methods for materials discovery to 

accelerate fine-tuning and to reduce labeled training data. For this purpose, we studied 

the following contents: 

 

1) We propose a mask-less self-supervised learning method using atom replacement, to 

generate the unlabeled catalyst data; this is helpful in improving the catalyst energy 

prediction accuracy of GNNs, as it is usually difficult to obtain a large amount of 

labeled data.  

2) we demonstrate that our proposed method can accelerate the fine-tuning after pre-

training, in addition to the improvement of energy prediction accuracy.  

3) Furthermore, we propose an active learning method using expanded features 

including the features of material structure and the predicted energy. The expanded 

features are used for calculating the Euclidean distances to sample the training data 

for GNNs.  

4) We demonstrate that compared to existing active learning methods, our proposed 

method improves energy prediction accuracy for various GNNs and evaluation 

datasets using less training data. 

5.1 Self-supervised learning with atom replacement for 

catalyst energy prediction 

Recently, materials discovery utilizing the material informatics (MI) technique is 

considered to be an efficient approach to discovering new materials. Energy or 

environment-related materials are deeply related to chemical reactions, and the reactivity 

of materials is determined by the electronic energy (or internal energy) of materials and 

reactant systems. The electronic energy is often calculated by first-principles calculation 

which is based on the Schrödinger equation. Among them, a method called density 

functional theory (DFT) is widely used nowadays. Since the computational cost of the 

DFT calculation is relatively high, many graph neural networks (GNNs) for energy 
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prediction have been proposed to obtain the energy values quickly. However, it is difficult 

to obtain a large amount of labeled data for GNNs training, because a large amount of the 

DFT data is necessary for training. Although self-supervised learning (SSL) methods 

using unlabeled data, i.e., no DFT energy information is needed, have been proposed to 

improve the GNNs’ energy prediction accuracy, existing SSL methods use a non-existent 

atom of “mask”; this may lead to the inefficient GNNs training. In this work, we propose 

a mask-less SSL method by replacing some atoms in the target material systems, aiming 

to improve the energy prediction accuracy of GNNs. Our target systems are catalysts, and 

here the atoms in unlabeled catalysts are replaced with other actual existing atoms. Then, 

GNNs predict whether the atoms have been replaced or not for all atoms composing the 

material. After that, GNNs pre-trained by the proposed SSL are fine-tuned by downstream 

tasks. We demonstrate the superiority of our proposed method on the Open Catalyst 

dataset and Poisoned Catalyst dataset using the energy prediction GNNs, CGCNN and 

PaiNN. The GNNs pre-trained by the proposed SSL achieve the best mean absolute error 

of predicted energy rather than that of the existing mask-based SSL in all experimental 

conditions. 

5.1.1 Related works 

These years, many GNNs have been proposed to predict the energy of materials such 

as catalysts that can be described by molecular structures [89, 90, 100]. Molecular 

structures can be represented by graph structures with atoms as nodes and bonds as edges. 

Therefore, the proposed GNNs can treat molecular structures as input data by mapping 

molecular structures to graph structures. These GNNs for materials energy prediction 

proposed in [89, 90, 100] are trained by supervised learning, and the energies contained 

in the labeled data used by supervised learning are calculated by DFT. However, because 

the energy calculation time by DFT is generally too long [88], it is difficult to obtain a 

large amount of labeled data for supervised learning.  

Recently, various SSL methods using unlabeled data have been proposed for GNN-

based material energy prediction to overcome the scarcity of labeled data [95, 96, 97, 99]. 

The previous studies [95, 96, 97] have proposed a SSL method that masks the atoms and 

the bonds composing molecules. Then GNN predicts the masked atoms and bonds of the 

molecule. Another work [99] proposes contrastive learning using data augmented 
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molecular structure data by using a mask. Since all of these existing SSL methods for 

energy prediction GNNs [95, 96, 97, 99] are mask-based methods, GNNs learn the 

representation of the “mask”. However, the atoms and the bonds represented by the mask 

are artificially generated for SSL. In other words, the data of the “mask” are not contained 

in the real data of fine-tuning. Therefore, a mismatch occurs between the pre-training by 

the SSL task and the fine-tuning by the downstream task. In the field of natural language 

processing (NLP), prior work [101] has shown that when neural network models are pre-

trained by mask-based SSL, a large amount of training data and training epochs are 

required to achieve high-accuracy neural network predictions. Another work in NLP 

[102] points out the problems of SSL with masks. For example, when multiple tokens in 

the input sentence are masked, there is an inability to utilize the information of masked 

tokens to predict the other masked tokens.  

These previous studies of SSL in the field of NLP indicate that existing mask-based 

SSL for material energy prediction may not be able to effectively utilize information from 

other masked atoms to predict masked atoms or may not learn the relationship between 

the masked atoms and the other actual existing atoms very well. In other words, if we do 

not use the mask in SSL for pre-training, the energy prediction accuracy of GNNs is 

expected to be improved. 

5.1.2 Self-supervised learning with atom replacement for energy prediction GNNs 

Figure 5.1 shows the proposed SSL method. First, unlabeled catalyst structure data 

without energy information are prepared. The unlabeled catalyst structure data contains 

information on the element composition of the catalyst. Next, the replacement target 

atoms are specified from the atoms composing the catalyst according to the corresponding 

atom replacement ratio. The atom replacement ratio is a hyperparameter. The element of 

the specified atoms is replaced with an element randomly selected from the elements in 

the given atom library. The atom library consists only of elements that actually compose 

the material. That is, the element library only contains the actual existing elements, and 

does not contain the un-existing elements like “mask”. The unlabeled atom-replaced  
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Fig. 5.1  Overview of training framework with proposed SSL. (a) Our proposed method 

replace the atoms of input unlabeled data to realize mask-less SSL. (b) In our method, the 

pre-trained weights of the feature extractor are transferred to the GNN for fine-tuning. 

Then, the GNN is fine-tuned by labeled data for the downstream task. 

 

catalyst structure data is input to the GNN, then the GNN predicts whether the atoms have 

been replaced or not for all atoms in the structure data. The loss is calculated by 

comparing the predicted result and the answer generated from the unlabeled data, and the 

calculated loss is backpropagated to GNN. After pre-training by the SSL task, the head of 

the pre-trained GNN is changed to match the downstream task. Then, the GNN is fine-

tuned by the downstream task. 

5.1.3 Experiments 

We evaluate the proposed SSL method using energy prediction GNNs of CGCNN and 

PaiNN by three datasets for catalyst energy prediction: Open Catalyst, Poisoned Catalyst, 

and Expanded Poisoned Catalyst. 

5.1.3.1 Dataset 

1) Open Catalyst 

Table 5.1 shows the overview of the three evaluation datasets. Open Catalyst [11] is 

the largest published catalyst dataset. Labeled data in Open Catalyst dataset consists of 

the structure of various solid catalysts with adsorbate molecules and the energy of the  
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Table 5.1  Overview of the evaluation dataset. 

 

 

 

Fig. 5.2  3D view of the catalyst dataset for evaluation. OC22 dataset has various 

structures of catalysts. On the other hand, the poisoned catalyst dataset contains poisoning 

atoms causing catalyst poisoning. 
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catalyst-adsorbate structure. Open Catalyst published two datasets, Open Catalyst 2020 

(OC20) [92] and Open Catalyst 2022 (OC22) [93]. OC20 contains the adsorption energy 

of the catalyst-adsorbate system. OC22 contains the total energy of the catalyst-adsorbate 

system. To investigate the effectiveness of the SSL in the transfer learning framework, we 

use OC20 for pre-training and use O22 for fine-tuning. In the Open Catalyst benchmark, 

they provide various tasks. In this experiment, we use the task called “initial structure to 

relaxed energy” (IS2RE). IS2RE is used to predict the energy of the relaxed structure 

from the non-relaxed structure. For the evaluation using the Open Catalyst dataset, we 

use OC22 In-Domain validation data for the IS2RE. 

 

2) Poisoned Catalyst & Expanded Poisoned Catalyst 

In the search for a catalyst, it is important to understand the effect called “catalyst 

poisoning” where various products on the catalyst surface prevent the desired reactions 

on the catalyst [82, 83, 84]. In the Open Catalyst datasets, because there are only 

adsorbates on the surface of the catalyst, as shown in Fig. 5.2(a), the “clean” Open 

Catalyst datasets are not suitable for studying the effect of catalyst poisoning. In order to 

obtain the energies which take into account the effect of catalyst poisoning, we have 

created two types of catalyst structure datasets including poisoning atoms on the catalyst 

surface by referring to [82] as shown in Fig. 5.2(b). The dataset named “Poisoned Catalyst” 

uses the hydrogen atom for the poisoning atoms. Another dataset, “Expanded Poisoned 

Catalyst”, uses not only the hydrogen atom but also the oxygen atom and the hydroxyl as 

the poisoning atoms. For all Poisoned Catalyst dataset and Expanded Poisoned Catalyst 

dataset, the labeled data were generated by calculating the adsorption energy between 

adsorbate and catalyst with poisoning atom using DFT. For the downstream task using 

the Poisoned Catalyst dataset and the Expanded Poisoned Catalyst dataset, GNNs predict 

the adsorption energy of the relaxed state from the non-relaxed structure. For the Poisoned 

Catalyst dataset, we generated 4,711 labeled data. From the whole 4,711 data, 900 data 

were randomly selected as the validation dataset. The remaining 3,811 data were used for 

SSL in pre-training and fine-tuning. For the Expanded Poisoned Catalyst dataset, we 

generated 14,453 labeled data. Then, we randomly selected 1,000 data from the 14,453 

to be used as validation data. The remaining 13,453 samples were all used for SSL and 

fine-tuning. 



76  Chapter 5  Cost-effective DNN training for materials discovery 

 

 

 

Fig. 5.3  GNN training flow in the experiments of this work. (a) Only fine-tune GNN 

(not using SSL). (b) Pre-train GNN by the existing mask-based SSL, then the pre-trained 

GNN is fine-tuned. (c) Pre-train GNN by the proposed mask-less SSL, then the pre-

trained GNN is fine-tuned. 

 

Table 5.2  Hyperparameters in training. Other hyperparameters are the same as the 

published Open Catalyst setting in [105] and [106] 

 

5.1.3.2 Training flow 

To evaluate the effectiveness of the proposed methods, we train the GNN by three 

different training methods, as displayed in Fig. 5.3; (a) only fine-tune GNN (not using 

SSL), (b) pre-train GNN by existing mask-based SSL proposed in [97], then fine-tune the 

pre-trained GNN, and (c) pre-train GNN by proposed mask-less SSL, then fine-tune the 

pre-trained GNN. The prior existing SSL methods using mask for energy prediction 

GNNs [95, 96, 97, 99] have not applied their proposal to the catalyst datasets such as 

OC20 and OC22. To evaluate the performance of the existing mask-based SSL method 

for catalyst energy prediction, we implement one of the latest existing mask-based SSL 

method [97] with PyTorch by referring to their published code on GitHub [103]. 
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In this work, we use the energy prediction GNN models of CGCNN [89] and PaiNN 

[90]. For CGCNN training, we first train CGCNN by OC20 IS2RE dataset. Then we apply 

SSL to the CGCNN trained by OC20. After SSL, the CGCNN trained by the SSL task is 

fine-tuned by the downstream task. For PaiNN training using OC22 dataset, we first train 

the scratch PaiNN model by SSL. Then we fine-tune the PaiNN trained by the SSL task 

using OC22 dataset. When using the Poisoned Catalyst dataset and the Expanded 

Poisoned Catalyst dataset, we first apply SSL to the pre-trained PaiNN model with OC20 

IS2RE dataset published in [104]. After SSL, we fine-tune the pre-trained PaiNN by the 

downstream task. The unlabeled data for all SSL tasks in this work are generated by 

removing the energy information from the labeled downstream task datasets, OC22, 

Poisoned Catalyst, and Expanded Poisoned Catalyst. 

For the hyperparameters in pre-training with SSL and fine-tuning, we use almost the 

same hyperparameters published in Open Catalyst GitHub (CGCNN [105], PaiNN [106]). 

We only change the batch size, the initial learning rate, and the training epochs from the 

published hyperparameters setting, as shown in Table 5.2. The existing and proposed SSL 

require the hyperparameters of the mask ratio and the replacement ratio. We set the mask 

and the replacement ratio to {10%, 20%, 30%} for each SSL method. After SSL, we fine-

tune the GNNs pre-trained by the three ratios of the mask and the replacement. In the 

performance comparison, we use the best prediction accuracy of the fine-tuned models 

pre-trained by the three ratios. 

For the validation using OC22, we use the dataset called the In-Domain validation 

dataset for IS2RE. For the validation using the Poisoned Catalyst dataset and the 

Expanded Poisoned Catalyst dataset, we execute 5-fold cross-validation. We run all 

experiments three times and take the average and the standard deviation of mean absolute 

error (MAE) of predicted energy for performance comparison. In other words, for the 

experiment using OC22, we run the experiment three times, and for the experiment using 

the Poisoned Catalyst and the Expanded Poisoned Catalyst, we run the experiment fifteen 

times by running the 5-fold cross-validation three times. 
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Table 5.3  Comparison of MAE of predicted energy on the evaluation dataset. 

 

 

Fig. 5.4  Learning curve of validation MAE of predicted energy during fine-tuning in 

PaiNN using (a) OC22 dataset, (b) Poisoned Catalyst dataset, and (c) Expanded Poisoned 

Catalyst dataset. 

5.1.3.3 Experimental results 

To evaluate the effectiveness of the proposed method in various datasets and various 

GNN models, we compared the MAE of predicted energy by the proposed method and 

the existing method. Table 5.3 presents the MAE comparisons obtained from different 

validation datasets (OC22 dataset, Poisoned Catalyst dataset, and Expanded Poisoned 

Catalyst dataset) using CGCNN and PaiNN. By applying SSL, the MAE of the predicted 

energy is improved. Furthermore, in all cases, our proposed method achieves a better 

MAE than that of applying existing SSL. This result indicates that our proposed method 

has the potential to improve energy prediction accuracy in various datasets and GNN 

models. 

Figure 5.4 shows the learning curve of validation MAE of the predicted energy using 

PaiNN during fine-tuning. In all cases, by applying SSL, the convergence speed of the 

learning curve becomes faster than not applying the SSL, in addition to the improvement 

of the MAE. Furthermore, when applying the proposed SSL, the convergence speed of 

the learning curve becomes even faster than when applying the existing SSL method. 
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Fig. 5.5  Two-dimensional visualization of extracted vector embeddings from PaiNN by 

t-SNE. The embeddings are obtained by OC22 IS2RE validation data. The color bar 

shows the total energy of each point in the t-SNE projection. (a) t-SNE projection from 

the PaiNN before fine-tuning without SSL, i.e. scratch PaiNN model. (b) t-SNE 

projection from fine-tuned PaiNN without SSL. (c) t-SNE projection from PaiNN pre-

trained by SSL before fine-tuning. (d) t-SNE projection from fine-tuned PaiNN pre-

trained by SSL. 

 

Table 5.4  Euclidean distance of vector embeddings of PaiNN before and after fine-

tuning calculated using the results of Fig. 6.5. 

 

 

To clarify why the fine-tuning is accelerated when using SSL, we reduce the dimension 

of GNN vector embeddings before and after fine-tuning, with or without applying SSL, 

by the t-distributed Stochastic Neighbor Embedding (t-SNE) [107]. Figure 5.5 shows the 

two-dimensional t-SNE projections of the extracted vector embeddings of PaiNN by 

using OC22 validation data. Each point is colored by the total energy. Table 5.4 shows 

the Euclidean distance calculated by the vector embeddings of PaiNN before and after 

fine-tuning. By applying the proposed SSL, Euclidean distance before and after fine-

tuning is decreased. That is, the change in the value of vector embeddings of PaiNN 

before and after fine-tuning is decreased by the proposed SSL. 
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Fig. 5.6  Scatter plots created by classifying all points obtained from the OC22 

validation data with the specified range of total energy. “Toten” means total energy. 

Standard deviation σ for each cluster is calculated by the residuals among the regression 

line by orthogonal distance regression and all points in each cluster. That is, σ represents 

the variance of the points in the cluster separated by similar total energy. 

 

The reason why the change of vector embeddings before and after fine-tuning is 

decreased when using SSL may be that the GNNs pre-trained by our proposed SSL learn 

a part of the representation which will be learned during fine-tuning. In fine-tuning, since 

GNNs are trained by labeled catalyst structure data with energy, the fine-tuned GNNs are 

expected to learn the representation of the catalyst structure and energy. Figure 6 shows 

the scatter plots which are created by classifying all points obtained from the OC22 

validation data, as shown in Fig. 5.5, with the specified range of total energy. In Fig. 5.6, 

Toten means total energy. Standard deviation σ for each cluster, displayed in Fig. 5.6, is 

calculated by the residuals among the regression line obtained by orthogonal distance 

regression, i.e. Deming regression, and all points in each cluster. In other words, σ 

represents the variance of the points in the cluster separated by similar total energy. By 

comparing Fig. 5.6(a) and Fig. 5.6(b), we can see that the variance of the points in the 

cluster of similar total energy is decreased by fine-tuning. These results indicate that 

GNNs learn the representations of the structure and total energy of the catalyst through 
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fine-tuning. On the other hand, in SSL, GNNs are trained by unlabeled catalyst structure 

data without energy. Hence, the GNNs pre-trained by SSL task are expected to learn only 

the representation of the catalyst structure like the element composition and so on. Note 

that, in the field of material chemistry, it is well known that materials with similar element 

composition have similar total energy. The total energy of a material depends on the 

number of electrons in the atoms composing the material. That is, the total energy of a 

material depends on the element composition of the material. From this fact in the 

material chemistry, the vector embeddings of similar energy of the GNNs pre-trained by 

SSL are expected to be placed close. By comparing Fig. 5.6(a) and Fig. 5.6(c), we can see 

that σ is decreased by SSL even when the fine-tuning is not applied. Hence, GNNs seem 

to learn the representation of the element composition through SSL. 

From these results, the GNNs pre-trained by SSL may learn a part of the representations 

of the element composition which was intended to be learned by the later fine-tuning step. 

Therefore, the change of vector embeddings before and after fine-tuning become small 

by SSL, as shown in Fig.5. As a result, GNNs pre-trained by the proposed SSL must learn 

a fewer number of representations during fine-tuning, and thus, the fine-tuning is 

accelerated by SSL, as shown in Fig. 5.4. 
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5.2 Active learning for graph neural network training in 

catalyst energy prediction 

As described in previous section, energy prediction methods using graph neural 

networks (GNNs) have been proposed to reduce the computational cost of energy 

calculations utilizing DFT [90, 113, 114]. However, computationally heavy DFT 

calculations are still required to generate labeled training data to create highly accurate 

GNNs. 

Active learning for neural network training has been proposed to achieve highly 

accurate neural networks with a smaller size of labeled training data [115]. The active 

learning algorithm chooses the data for training from the candidates of the unlabeled 

training data. Previous works [123, 124, 125] use the geometric distances calculated by 

the features of the unlabeled data aiming to sample the training datasets that capture the 

diversity of the unlabeled data. In materials discovery, promising materials are discovered 

from a vast array of material structure data. Another work [126] applied the active 

learning method using geometric distances to sample the training datasets that capture the 

diversity of material structures for material energy prediction. The energies of the 

materials, however, are very different even when the structures of materials are similar. 

In addition, the energy prediction accuracy of GNNs is lowered when there is a large 

variability in the energies of the structures in the training dataset. Therefore, when training 

a GNN to predict the energies of different materials, the training data should capture the 

energy diversity, not only the structural diversity. 

To improve the accuracy of GNNs for material energy prediction with less training 

data, we propose an active learning method that can sample the data capturing structural 

and energetic diversity. Our method first prepares the unlabeled material structure data 

that serve as the basis for the labeled training data. Then, the structural features and the 

energy value of the unlabeled data are obtained from GNN. Next, we make the expanded 

features by concatenating the structural features and the energy value. After that, the 

Euclidean distances among the expanded features are calculated. Finally, a specified 

number of structural data for GNN training are sampled from the candidates in the order 

of the longest of the minimum distances calculated for each feature. The proposed method 

samples data in the expanded feature space while preserving the mutual distances. 
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Consequently, the sampled data captures the diversity of the entire feature space, i.e., the 

structural and energy diversity, composed of the unlabeled data. We evaluate the 

proposed active learning method with PaiNN [90] and EquiformerV2 [113] by using three 

catalyst datasets, Open Catalyst 2022 [93], catalysts for nitrogen reduction reaction [110], 

and catalysts for oxygen reduction reaction. The proposed method shows the best 

prediction accuracy with less training data under all experimental conditions. 

 

 

Fig.5.7  Training flow of neural network with active learning. 

5.2.1 Related works 

Data labeling and annotation, which are necessary for creating training data for neural 

networks, generally require significant time and cost. To create highly accurate neural 

networks with less training data, active learning has been widely utilized to sample the 

data used for training from large amounts of unlabeled data [115]. Figure 5.7 shows an 

overview of neural network training flow with active learning. A large amount of 

unlabeled data is first prepared. Next, the data are sampled based on an active learning 

algorithm from the unlabeled data. The training data are created by labeling the sampled 

data. Then the neural network is trained using the labeled training data, while the 
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remaining unlabeled data are used in the next sampling step. 

Previous studies have proposed various active learning methods. Uncertainty sampling 

is one of the common strategies in active learning [116, 117, 118]. The policy of 

uncertainty sampling is to reduce model uncertainty, i.e., to improve the model accuracy, 

by learning from highly uncertain data first. Thus, this method chooses the data from the 

unlabeled data by calculating the uncertainty of all unlabeled data. Various uncertainties 

have been proposed for uncertainty sampling such as entropy [116], least confident [117], 

and the variance of the predicted values by Gaussian process regression (GPR) based on 

Bayesian optimization [118]. Expected model change [127] chooses data that will result 

in a larger change in the expected value of the gradient generated during backpropagation. 

In recent years, many GNNs have been proposed to predict the energy of materials [90, 

113, 114]. Because the annotation cost for material data is generally high due to the 

computational effort required for DFT calculation, active learning for material energy 

prediction by GNNs has been proposed. Previous works [119, 120, 121, 122] apply GPR 

to sample training data from the unlabeled material structure data. Another work [129] 

samples the data based on the variance of the multiple predicted values obtained by 

training multiple models, following the uncertainty sampling policy. However, when 

multiple data are sampled by these existing active learning methods, similar data will be 

sampled [123]. Therefore, if there is diversity in the unlabeled data, the sampled data 

cannot capture the diversity of the unlabeled data. 

Various active learning methods have been proposed to sample the data that capture 

the diversity of the unlabeled data. Early works [129, 130] have proposed the use of a 

variational autoencoder (VAE) and generative adversarial network (GAN) to generate 

training data. Other works [131, 132] use the mutual information between the model 

predictions and the model parameters based on Bayesian optimization. Meanwhile, 

previous studies [123, 124, 125] have proposed the data sampling method using the 

geometric distances calculated by features of the unlabeled data, without using VAE, 

GAN, and Bayesian model. Another work [126] applies the active learning method using 

geometric distance to sample training data for material energy prediction by neural 

networks. The sampled data by these methods capture the diversity of material structure 

of unlabeled data. 
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5.2.2 Active learning for material energy prediction GNNs 

In this section, we introduce the existing active learning method [126] used for neural 

network training of material energy prediction, before highlighting its drawbacks. Then, 

we describe our proposed active learning method. 

5.2.2.1 Existing active learning for energy prediction GNNs and the problems 

 

Fig.5.8  Example of sampled data by existing active learning [126]. Blue points are the 

feature map of the training data candidates. Red crosses are the sampled data by active 

learning. Since the data are sampled broadly from the population, independent of the 

distribution of the population, the sampled data capture the diversity of the population’s 

features. 

 

In the materials discovery, promising materials are explored from a large pool of 

material candidates. In addition, since the structures of the material candidates vary, the 

neural networks for materials discovery require generalization across different material 

structures. Previous work [126] has proposed the active learning method to create the 

training data for neural networks which captures the diversity of the material structures. 

This method first feeds the unlabeled structure data to the neural network as inputs. Then 

the features of the material structures are extracted from the output of the hidden layer of 

the neural network. The dimensions of the extracted structural features are reduced to two 

to make a feature map. Next, Euclidean distances among the features are calculated. After 

that, the data used for training are sampled in the order of the longest of the minimum 

distances calculated for each feature. The data sampled by this method capture the 

diversity of the structure of the unlabeled structure data, independent of the distribution 

of the unlabeled data, as shown in Fig. 5.8. 

Population: Normal distributionPopulation: Uniform distribution
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Fig.5.9  (a) Feature map of neural networks training data for catalyst energy prediction 

[93, 110]. The x-axis and y-axis show the features of material structure. The z-axis shows 

the energy of catalysts. Even if the structural features are similar, i.e. the material 

structures are similar, the energies among the materials are different. (b) MAE of the 

predicted energy for the three validation datasets. The evaluated model is a published 

PaiNN model [104]. The energy prediction error increases when the validation data is 

composed of structures with large energy changes. 

 

However, because the existing method primarily uses the features of the material 

structures for data sampling, it is difficult to capture the diversity in the energy of the 

materials. Fig. 5.9(a) shows the feature maps of catalyst datasets, Open Catalyst 2022, 

and catalysts for nitrogen reduction reaction (NRR). In the catalyst search, even though 

the structures among different materials are similar, the energies of the materials are very 

different. Fig. 5.9(b) shows the mean absolute error (MAE) of the predicted energy for 

three validation datasets. To create the three validation datasets, we extract 100 data 

points from the validation data of NRR by sampling the structure data with large energy 

changes (Data1), by sampling the data with small energy changes (Data2), and by random 
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sampling. We evaluate the MAE using the published GNN model of PaiNN [104], trained 

by Open Catalyst 2020 data [92]. The obtained MAEs indicate that the energy prediction 

accuracy degrades when the validation data is composed of structures with large energy 

variations. From these observations, the neural networks for catalyst search require 

generalization not only of the structure but also of the energy of materials. In other words, 

if we obtain the training data that captures both the structural and energy diversity of the 

materials, the energy prediction accuracy of neural networks is expected to improve, even 

with less training data. 

5.2.2.2 Proposed active learning using expanded features 

 

Fig.5.10  Overview of proposed active learning method. 

 

To obtain training data that captures both the structural and energy diversity of the 

materials, we propose an active learning method that utilizes expanded features, which 

include information on the structure and energy of the materials. Figure 5.10 shows an 

overview of our proposed method. Our method first prepares the unlabeled material 

structure data with unknown energy for the candidates of GNNs training data. Next, N-

dimensional features of the structure are extracted from the feature extractor of GNN, by 

inputting the unlabeled structure data, where N is the number of atoms per input material 

structures. In addition, the energy prediction values of the unlabeled structure data are 

obtained from the GNN. The dimensions of the extracted structural features are reduced 

to two by densMAP [133]. Next, the structural features and the predicted energies are 

normalized. Then the expanded features are generated by concatenating the normalized 

structural features and energies. Although there is a large scatter in the structural features 

of the catalyst data, there is a lot of overlap, as shown in Fig. 5.9(a). To create the GNNs 

with generalization ability for the structure data, the training data for GNNs require 
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capturing the diversity of the whole extended feature space, i.e., the structural and energy 

diversity, independent of the distribution of the unlabeled data. To exclude similar 

features, i.e., similar structures and energies, we calculate the Euclidean distances of the 

expanded features by following the equation, 

 

 

 

where i and j label distinct structures and Distancei,j is the distance between the structure 

i and j. SF1 and SF2 represent the structural features, and EN is the predicted energy. 

When the number of unlabeled data is M, we obtain an  distance table. 

Using the distance table, a specified number of structure data are sampled from the 

candidates in the order of the longest of the minimum distances calculated for each feature. 

In this work, we set the sampling size to 10% of the total number of unlabeled data. We 

create the labeled training data using the sampled data by calculating the energy with DFT. 

Then, the GNN is trained using the labeled training data. The remaining unlabeled 

structure data are used for the next sampling step. Data sampled in the second and 

subsequent sampling steps are added to the existing training data. 

5.2.3 Experiment 

We evaluate the proposed active learning method with the energy prediction GNNs of 

PaiNN and EquiformerV2, using three datasets for catalyst energy prediction. 

5.2.3.1 Dataset 

We describe an overview of the three datasets used for evaluating our proposed method.  

a) Open Catalyst 2022: Open Catalyst 2022 (OC22) is one of the largest published 

catalyst datasets for predicting the total energy of catalysts. OC22 consists of the structure 

of various solid catalysts with adsorbate molecules and the total energy of the catalyst-

adsorbate system. The Open Catalyst benchmark provides three tasks called S2EF 

(structure to energy and forces), IS2RS (initial structure to relaxed structure), and IS2RE 

(initial structure to relaxed energy) [91]. In this work, we utilize the IS2RE task for 

predicting the total energy of the relaxed state structure based on the non-relaxed state 

structure. For the evaluation using the OC22 data, we use OC22 In-Domain validation 
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data for IS2RE. 

b) NRR: Catalysts data for nitrogen reduction reaction: In recent years, numerous 

materials have been explored as potential electrocatalysts for electrochemical nitrogen 

reduction reaction (NRR) [81, 82, 83, 110]. Since OC22 data does not include some 

adsorbates involved in the NRR, we have created catalyst-adsorbate system datasets 

including those adsorbates (e.g. N2, NH2, and NNH), by referring to [110] as shown in 

Table I. Since the adsorption energy is a useful metric when searching for promising 

catalysts [110], we use the DFT calculated adsorption energy for the labeled data in NRR 

data. Moreover, GNNs predict the adsorption energy of the relaxed state structure from 

the non-relaxed state structure. 

c) ORR: Catalysts data for oxygen reduction reaction: In fuel cell development, 

transition metal-based catalysts have been explored to efficiently realize oxygen 

reduction reaction (ORR) to extract electricity from oxygen and hydrogen [111, 112]. We 

have created catalyst-adsorbate system datasets for ORR in the same manner as for the 

NRR data by referring to [110]. We design the task for ORR to predict the adsorption 

energy of the relaxed state structure from the non-relaxed state structure. 

5.2.3.2 Models and hyperparameters for training 

In this work, we use the energy prediction GNN models of PaiNN and EquiformerV2. 

For the hyperparameters in GNNs training, we use almost the same hyperparameters as 

those published on GitHub for PaiNN [106] and EquiformerV2 [134]. We modify the 

batch size, the initial learning rate, and the training epochs from the published 

hyperparameters setting. For PaiNN training, we set the batch size to 4, the initial learning 

rate to 5×10-5, and the training epochs to 80. For EquiformerV2 training, we set the batch 

size to 4, the initial learning rate to 10-4, and the training epochs to 50. 

 

5.2.3.3 Training flow with active learning 

To evaluate the effectiveness of the proposed methods, we apply four data sampling 

methods to sample the GNN training data from the evaluation data. The applied methods 

are random sampling, uncertainty sampling based on the variance of the predicted energy 

obtained by Gaussian process regression (GPR) [120], the existing active learning using 
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distances calculated by structural features [126], and our proposed method. We use 

densMAP [133], a dimensionality reduction method, to reduce the dimensions of the 

structural features extracted from GNN when applying the existing active learning 

method and our proposed method. We sample the training data using evaluated sampling 

methods by 10% of the total number of unlabeled data for each sampling event. Training 

data sampled during the second and subsequent sampling events are added to the existing 

training data. After sampling the training data, we train the scratch GNN model using all 

available training data to avoid catastrophic forgetting [135], a phenomenon where the 

model forgets previously learned information. For validation, we calculate the MAE of 

the predicted energy to evaluate the GNN accuracy. We run all experiments three times 

and take the average of the MAE of three runs. 

5.2.3.4 Experimental results 

We first evaluate our active learning method on OC22 data for predicting the total 

energy of the catalysts. Figure 5.11 shows the results of active learning for GNN training 

on OC22 data. As shown in Fig. 5.11, our proposed method consistently achieves the 

lowest MAE among all methods, even with a limited amount of training data. 

To investigate the effectiveness of our method when using metrics other than total 

energy for feature expansion, we evaluate our method using NRR and ORR data. These 

datasets are used for predicting the adsorption energy in the catalyst-adsorbate system. 

Figure 5.12 and Figure 5.13 show the results of active learning for GNN training using 

NRR data and ORR data. As shown in Fig. 5.12 and Fig. 5.13, even in this scenario, our 

proposed method also achieves the lowest MAE among all methods, with a limited 

amount of training data. 
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Fig.5.11  Comparison of the MAE using different active learning on OC22 data. 

 

 

Fig.5.12  Comparison of the MAE using different active learning on NRR data. 

 

 

Fig.5.13  Comparison of the MAE using different active learning on ORR data.  
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Fig.5.14  The feature space of the proposed expanded features generated using PaiNN 

with OC22 training data. Red crosses show 500 sampled data points by various sampling 

methods. The top row 2-D feature maps represent the top view of 3-D feature space. The 

bottom row 2-D feature maps represent the side view. The distributions of the data 

sampled by our proposed method show a more even spread in terms of all dimensions, 

i.e., the structural features and the energy, compared to those sampled by random 

sampling and the existing active learning method, which are heavily influenced by the 

population distribution. 

 

Table 5.5  Standard deviation of the population and the sampled data by various 

sampling method in Fig. 5.14. 

 

 

Fig. 5.14 shows the feature spaces of the expanded features obtained by PaiNN with 

OC22 data, and the sampled data points by various sampling methods. The dimensions 

of the extracted structural features are reduced by densMAP. The blue distributions are 

the distributions of the population, i.e., the expanded features. The red crosses show 500 

sampled data points, and the red distributions are the distribution of the sampled data 
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points. Fig. 5.14(a) shows the population is generated by OC22 data. In this example, the 

x-axis and the y-axis are the structural features, and the z-axis is the energy. Fig. 5.14(b) 

is the distributions of the sampled data when applying random sampling for all 

dimensions, i.e., structural feature1, structural feature2, and energy, depend on the 

distributions of the population. Fig. 5.14(c) is the distributions of the sampled data when 

applying the existing active learning method [126]. Although the distribution of the 

sampled data for structural features resembles a uniform distribution, the distribution of 

the sampled data for energy depends on the distribution of the population. Thus, the data 

sampled by the existing method do not capture the diversity of the energy of the 

population. Fig. 5.14(d) represents the distributions of the sampled data when applying 

the proposed method. By applying our method, the distributions of the sampled data for 

the structural features and the energy are broad compared to the distributions obtained by 

other sampling methods. Therefore, the sampled data by our method capture both the 

structural and energy diversity. Table 5.5 shows the standard deviation calculated by the 

population data and the sampled data. The standard deviations for the structural features 

and the energy are calculated using a 1-dimensional vector that represents the values of 

the structural features and the energy, respectively. The standard deviation of the 

expanded features is calculated using a 3-dimensional vector that includes the values of 

the structural features and the energy. The data sampled by our proposed method have 

the largest standard deviation calculated using the expanded features, indicating that our 

method samples the data more evenly from the population, regardless of the population 

distribution. This is in contrast to random sampling and the existing active learning 

method. Therefore, the data sampled by our method can better capture the diversity of the 

feature spaces. 
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5.3 Summary 

In this chapter, we proposed a mask-less SSL method with atom replacement using 

unlabeled data to improve the catalyst energy prediction accuracy of GNNs. Obtaining a 

large amount of labeled data for material’s energy prediction GNNs training is generally 

difficult due to the DFT’s long energy computation time. The proposed SSL aims for 

efficient learning by replacing atoms by only using the actual existing elements, whereas 

the existing SSL methods use non-existing atoms of “mask”. We evaluate the proposed 

method on the Open Catalyst dataset, the Poisoned Catalyst dataset, and the Expanded 

Poisoned Catalyst dataset using energy prediction GNNs of CGCNN and PaiNN. The 

evaluation results show that the proposed SSL improves the MAE of predicted energy in 

all cases. We also show that the proposed method not only improves the energy prediction 

accuracy but also accelerates the fine-tuning after pre-training. By analyzing the vector 

embedding of GNNs using t-SNE, we find that the GNNs pre-trained by the proposed 

SSL using unlabeled catalyst data may learn the representation of the element 

composition of the catalyst. Furthermore, we suggest that the GNNs pre-trained by SSL 

learn in advance a part of the representations of the element composition intended to be 

learned by fine-tuning. Therefore, the GNNs pre-trained by the proposed SSL must learn 

a fewer number of representations during fine-tuning. As a result, the fine-tuning is 

accelerated when using the proposed SSL. 

Furthermore, we proposed an active learning method to improve the catalyst energy 

prediction accuracy of GNNs with limited training data. Obtaining a large amount of 

training data for material energy prediction is generally difficult due to the long energy 

computation time required by DFT. Our proposed active learning method aims to reduce 

the number of training data by leveraging all available metrics, including material data 

such as structure and energy. This is in contrast to existing active learning methods, which 

use only the structural features. We evaluated our method on three datasets, OC22, NRR, 

and ORR, using energy prediction GNNs of PaiNN and EquiformerV2. The evaluation 

results show that our method improves the MAE of the predicted energy with limited 

training data among all evaluated sampling methods. 
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Chapter 6 Conclusion 

This dissertation presents DNN computational cost reduction techniques, including 

automated hyperparameter search, not only for established fields such as image 

processing but also for emerging fields such as materials discovery. 

In Chapter 2, the intrinsic issues of the acceleration method of DNNs are introduced as 

follows: 

➢ Trade-off between prediction accuracy and computation speed 

➢ Manual hyperparameter tuning in acceleration method of DNNs 

➢ DNNs computational cost for materials discovery 

In this study, the solutions to these issues are presented in Chapter 3 to Chapter 5: 

1) 8-bit shifted dynamic fixed-point format for quantized DNNs (Chapter 3) 

2) Structured pruning with zero-padding layers (Chapter 4) 

3) Gradient-aware automatic pruning rate search (Chapter 4) 

4) Self-supervised learning with atom replacement (Chapter 5) 

5) Active learning utilizing expanded feature (Chapter 5) 

In Chapter 3, a quantization method using shifted dynamic fixed-point format for 

DNNs training is proposed. To prevent accuracy degradation due to quantized DNN 

training when using conventional DFP format, S-DFP shifts the data representable range 

of DFP from a large value area to a small value area by adding bias to the exponent of 

DFP. Using the proposed S-DFP format for quantized DNNs training, the quantized 

model can be trained using 8-bit fixed-point precision without significant accuracy 

degradation on the ImageNet task with ResNet-32, ResNet-50, ResNet-101, and ResNet-

152. Since the validation accuracy of the quantized model with proposed S-DFP was 

achieved equivalent accuracy with FP32 regardless of the depth in ResNet, the proposed 

S-DFP is expected to significantly improve the accuracy of the quantized model 

regardless of the DNN model type. In addition, the proposed method achieved the 

equivalent accuracy with conventional 16-bit DFP instead of using 8-bit S-DFP. 

In Chapter 4, to reduce the workload of inefficient manual pruning rate assignment, we 

describe our proposed automatic pruning rate search method named GAPRS for 

structured pruning. In the proposed method, by selecting a pruning rate in which the 

pruning error is smaller than a pre-defined threshold, the accuracy degradation of the 



96  Chapter 6  Conclusion 

 

 

pruned model is suppressed. The experimental results demonstrate that the pruned model 

accuracy can be effectively controlled by the proposed method. In addition, the pruning 

rate derived by the proposed method can be converged. Furthermore, to improve the 

inference speed and the compression ratio for the DNN model with a shortcut connection 

such as ResNet, zero-padding layers are inserted into all input paths to the addition 

operator. We evaluated our proposed method on CIFAR-10 and ImageNet using various 

ResNet architectures. We experimentally showed the superiority of GAPRS against 

various state-of-the-art methods on CIFAR-10 and ImageNet using various ResNet 

architectures. For ResNet-50, our method achieved a 60.1% reduction in parameters and 

a 59.8% reduction in FLOPs while maintaining 76.17% accuracy on ImageNet. These 

results demonstrate the effectiveness of GAPRS and the proposed inserting zero-padding 

layers in achieving high compression ratios without model accuracy degradation. 

Chapter 5 presents novel SSL and active learning methods to reduce the computational 

cost of materials discovery. Our proposed mask-less SSL method employs atom 

replacement with unlabeled data to improve DNN-based catalyst energy prediction 

accuracy. Unlike existing SSL methods that utilize non-existing "mask" atoms, our 

approach leverages only real elements, promoting efficient learning. We evaluated this 

method on three benchmark datasets (OC22, Poisoned Catalyst, and Expanded Poisoned 

Catalyst) using CGCNN and PaiNN GNNs, observing improved energy prediction 

accuracy across all experiments. Furthermore, we introduce a novel active learning 

method to enhance DNN-based catalyst energy prediction accuracy with limited training 

data. This method leverages all available material properties (structure and energy) to 

minimize the required training data. Evaluations on three benchmark datasets (OC22, 

NRR, and ORR) using PaiNN and EquiformerV2 GNNs demonstrate that our method 

achieves the lowest prediction error among all evaluated sampling methods, even with 

limited data. 

Finally, the conclusion of this study is presented in this chapter. This dissertation 

presents methods for achieving low-cost DNN computation and automatic 

hyperparameter optimization for DNN acceleration, addressing not only established 

applications such as image processing but also emerging fields such as materials 

discovery. Our work contributes to bridging the DNN computational demand-supply gap 

in diverse fields, including image processing and materials discovery, while avoiding 
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inefficient manual hyperparameter tuning for DNN acceleration. 
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