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Preface

The International Conference on Intelligent Computing (ICIC) was started to
provide an annual forum dedicated to emerging and challenging topics in artificial
intelligence, machine learning, pattern recognition, bioinformatics, and
computational biology. It aims to bring together researchers and practitioners
from both academia and industry to share ideas, problems, and solutions related
to the multifaceted aspects of intelligent computing.

ICIC 2025, held in Ningbo, China, July 26-29, 2025, constituted the 21st
International Conference on Intelligent Computing. It built upon the success of
ICIC 2024 (Tianjin, China), ICIC 2023 (Zhengzhou, China), ICIC 2022 (Xi'an,
China), ICIC 2021 (Shenzhen, China), ICIC 2020 (Bari, Italy), ICIC 2019
(Nanchang, China), ICIC 2018 (Wuhan, China), ICIC 2017 (Liverpool, UK),
ICIC 2016 (Lanzhou, China), ICIC 2015 (Fuzhou, China), ICIC 2014 (Taiyuan,
China), ICIC 2013 (Nanning, China), ICIC 2012 (Huangshan, China), ICIC 2011
(Zhengzhou, China), ICIC 2010 (Changsha, China), ICIC 2009 (Ulsan, South
Korea), ICIC 2008 (Shanghai, China), ICIC 2007 (Qingdao, China), ICIC 2006
(Kunming, China), and ICIC 2005 (Hefei, China).

This year, the conference concentrated mainly on the theories and
methodologies as well as the emerging applications of intelligent computing. Its
aim was to unify the picture of contemporary intelligent computing techniques as
an integral concept that highlights the trends in advanced computational
intelligence and bridges theoretical research with applications. Therefore, the
theme for this conference was "Advanced Intelligent Computing Technology and
Applications”. Papers that focused on this theme were solicited, addressing
theories, methodologies, and applications in science and technology.

ICIC 2025 received 4032 submissions from 21 countries and regions. We
selected 328 Poster papers from the remaining papers, included in four volumes.
These four volumes of Poster papers will be arranged on the open access website
http://poster-openaccess.com/.

The volume I includes 82 poster papers.
The volume II includes 82 poster papers.
The volume III includes 81 poster papers.
The volume IV includes 83 poster papers.


http://poster-openaccess.com/

The organizers of ICIC 2025, including The Society of International
Computing, Ningbo University, Eastern Institute of Technology, Ningbo, Ningbo
Institute of Digital Twin, Ningbo EIT Industrial Technology Institute, The
University of Nottingham Ningbo China, Tianjin University of Science and
Technology, and Xinjiang Institute of Engineering, made an enormous effort to
ensure the success of the conference. We hereby would like to thank the members
of the Program Committee and the referees for their collective effort in reviewing
and soliciting the papers. In particular, we would like to thank all the authors for
contributing their papers. Without the high-quality submissions from the authors,
the success of the conference would not have been possible. Finally, we are
especially grateful to the International Neural Network Society and the National
Science Foundation of China for their sponsorship.

ICIC 2025 General Chair
De-Shuang Huang



Contents

Evolutionary Computation and Learning

The Task Scheduling of IMA based on The Multi-stage Q-learning
Differential Evolution

Shuying Feng, Lisong Wang, Shaohan Liu, Fengtao Xu, and
Yizhuo Sun

AS-ES: Sparse Black-box Adversarial Attack by Active Subspace
Evolution Strategy

Jinling Duan and Zhenhua Li

A Gradient Noise-based Dynamic Conditional Diffusion Model for
Time-Series Anomaly Detection

Xianghe Du, Xueru Song, Shikang Pang, Shuaitao Yang, Yao
Tong, and Jiahui Lu

Neural Networks

A Method that Utilizes Negative Queries in Object Detection

14

32

49



Jue Zhou, Hong Chen, and Qingling Zhao

A Neural Network Framework Based on Symmetric Differential
Equations

Kun Jiang

Bearing Remaining Useful Life Prediction via Multi-Scale
Convolution and Bidirectional Gated Recurrent Unit Network

Jian Li, Rangyong Zhang, Hu Liang, and Yiming Zhang

T-Attention: Optimizing Attention Computation Using Temporal
Parameter Time

Yichen Yang, Hongxu Hou, and Wei Chen

HMOoE-SiMBA: Heterogeneous Mixture-of-Experts with SIMBA
Attention for Robust Chinese Speech Emotion Recognition

Lu Wang and Xinyue Duan

A Lightweight Detection Network inspired by the Olfactory
Learning Circuit of Caenorhabditis elegans

Jiangpeng Zheng, Jiacheng Zhao, Xuebin Wang, Meng Zhao,

61

77

&9

104

121



Fan Shi, and He Liu

Fine and Coarse-grained Graph Flow Neural Network for Traffic
Forecasting

Yuhao Zhao and Zhanquan Wang

A Defect Recognition and Classification Method Based on
Improved Convolutional Neural Network and Terahertz Time-
Domain Spectroscopy System

Liu Yang, Xiuwei Yang, Teng Li, Aoyu Zhu, and Jinhong Li

Statistical Feature-Driven Regularization for Structured Model
Pruning

Jielei Wang, Dongnan Liu, Heng Yin, Kexin Li, Guangchun
Luo, and Guoming Lu

Smart Contract Vulnerabilities Detection with Adaptive Loss
Weight and Entropy Weight

Jingyuan Hu, Peng Su, and Xuanxia Yao

DAMLP: Data Augmented Multi-Layer Perceptrons for
Multivariate Time Series Forecasting

135

152

168

180

196



Jiyanglin Li, Heming Du, Yiming Tang, Jinhong You, Shouguo
Du, and Wen Li

PBSpikformer: A Pure Spike-Driven Spiking Neural Network with
Fourier-Phase Attention and Dynamic Batch Context

Chengfan Yang, Tao Deng, Ran Li, and Fei Yan

AMGCN-FL: Adaptive Multi-Graph Convolutional Networks for
Personalized Federated Learning in Industrial IoT Environments

Chenhao Ye and Hailang Jia

MCF-SVC: Zero-shot High-Fidelity Singing Voice Conversion
with Multi-Condition Flow Synthesis

Hui Li, Hongyu Wang, Bohan Sun, Zhijin Chen, and Yanmin
Qian

AKPFL:A Personalized Federated Learning Architecture to
Alleviate Statistical Heterogeneity

Shuoshuo Fang, Jialong Sun, Wenchao Zhang, Zongjian Yang,
and Kejia Zhang

MSPLoRA: A Multi-Scale Pyramid Low-Rank Adaptation for

213

225

241

256

272



Efficient Model Fine-Tuning

Jiancheng Zhao and Xingda Yu

Prediction Research of TACE Treatment Response Based on 289
Multimodal Data Fusion

Lin Tong, Zhengkui Chen, Jun Luo, Qingli Zhou, Yugiang Shen,
and Jijun Tong

Dual Path Attention and Re-parameterization Network for efficient 306
image super-resolution

Yao Li, Junjie Huang, Ka Chen, Guogiang Zhao, Aodie Cui,
Yongzhuo Zhu, Hanyang Pan, and Chuang Li

Structural Entropy Dynamics in CNN Training: A Three-Phase 323
Guided Framework with Applications in Training Optimization

Fengming Dong, Jianghua Lv, Yining Chen, and Hexuan Li

Multi-Channel Fusion Graph Convolutional Networks with pseudo- 337
label for Semi-Supervised Node Classification

Guang Yang, Shiwen Sun, and Zhouhua Shi



Structure-Based Testing Criteria and Testing Case Generation for
Deep Learning Systems

Yining Chen, Jianghua Lv, Fengming Dong, and Hexuan Li

Behavior-Type Aware Representation Learning for Multiplex
Behavior Recommendation

Xin-Wei Yao, ShiXun Sun, Chuan He, Xin-Li Xu, Wei Huang,
Qiang Li, and Xinggang Fan

Online Knowledge Distillation with Feature Disentanglement

Yifan Li, Zhengzhong Zhu, Pei Zhou, Kejiang Chen, and
Jiangping Zhu

DRC-YOLO: An Improved Fire Detection Algorithm Based on
YOLOI11

Wentao Li, Cunrui Zou, and Zhiguo Zhou

A Heterogeneous Network Community Detection Method Based on
GCN and Social Recommendation

Zixiao Zhang, Jinglian Liu, Shan Zhong, Yali Si, and Shengrong
Gong

351

364

382

397

415



Learning Flexible Job Shop Scheduling with Bidirectional Cross-
Attention Network via Deep Reinforcement Learning

Xiongxin Zha, Lisha Dong, Muhammad Sadiq, and Qingling
Zhu

RanpCode: Rank-based Pruning after Complete CP Decomposition
for Model Compression

Lianhua Yu, Guodong Zou, Guoming Lu, Jielei Wang, Kexin Li,
and Guangchun Luo

LightDrone-YOLO: A Novel Lightweight and Efficient Object
Detection Network for Unmanned Aerial Vehicles

Xin Li, Tianze Zhang, Yifan Lyu, Zhixuan Miao, and Gang Shi

Integration Detection Model for Deep Neural Network Backdoor
Attacks

Chunlu Wu, Junjiang He, Wengang Ma, Ping He, Xiaolong
Lan, Shixuan Ren, and Tao Li

HICCNN: A Hierarchical Approach to Enhancing Interpretability in
Convolutional Neural Networks

Yinze Luo, Yuxiang Luo, Bo Peng, and Lijun Sun

433

446

460

476

493



HTLNet: A Segmentation-Free Multi-View Approach for Robust
3D Tooth Landmark Localization

Chentao Wang, Jing Du, Ran Fan, and Fuchang Liu

Traffic Flow Prediction Using Multi-Scale Convolution and
Attention Mechanisms

Pengfei Qi, Jinlai Zhang, Chulin Li, Linlong Lei, Wei Hao, and
Xiong Jiang

Local-Semantic Attentive Bidirectional Bottleneck Network with
Residual Feature Augmentation for Real-time Semantic
Segmentation

ManYuan Gui, Jinlai Zhang, Yonghen Hu, Sheng Wu, Du Xu,
Bo Ouyang, Shaosheng Fan, and Zhenzhen Jin

GCT-Net: A malicious Android application detection method based
on multimodal feature fusion

Yuheng Huang, Weihao Huang, Chunhong Jiang, Song Xie, and
Hongsong Wang

Signal Processing

508

525

542

560



GFR: An Effective Plugin for Enhancing the ECG Classification
Capability of Models

Xunde Dong, Yupeng Qiang, Xiuling Liu, Yang Yang, Yihai
Fang, and Jianhong Dou

An Indoor Terminal Positioning Algorithm for Mobile
Communication Management and Control Scenarios

Jingwen Fu, Hang Zhang, Liqi Zhuang, Xing Gao, and Meng
Zhang

Emotional and Social Signals in Multimedia: Vibrato Variations in
Classical Singing

JieYing Liu

TM-SPEECH: END-TO-END TEXT TO SPEECH BASED ON
INTEGRATING TRANSFORMER AND MAMBA

Long Wang, Zichao Deng, Haoke Hou, Song Shen, Wancheng
He, and Haohan Ding

ST-PCN: A Dynamic Point Cloud Classification Network Based on
the Spatiotemporal Attention Mechanism of Millimeter-Wave

578

594

608

624

636



Radar

Zangiang Wu, Qiaojuan Tong, and Hongbing Ma

CDSS: Innovating Cross Differential Attention for Robust
Monaural Multi-Speaker Audio-Visual Speech Separation

Yinlong Zhang, Jinjiang Liu, Jiawei Jin, Jiuxin Lin, and
Zhiyong Wu

MCSTA: Multi-dimensional Collaborative Spatial-Temporal
Attention Model for Traffic Flow Prediction

Dazhi Zhao, Jinlai Zhang, Kejia Wang, and Wenguang Wu

A Novel Framework for sSEMG Gesture Recognition Based on Soft
Prompt Learning

Dingchi Sun and Junjian Ren

Pattern Recognition

A fast multi-source target recognition system for Dangshan pear
based on lightweight “graph neural network - YOLOv5s”

Kaijie Zhang, Chao Wang, Xin Liu, Xiaoyong Yu, Yingying

651

669

687

701



Wang, Dejun Li, and Kangjian Zhang

Hybrid Prototype Contrastive Learning with Cross-Attention for
Few-Shot Relation Classification

Zeyu Zhang, Shaowei Wang, Nana Bu, Junzhe Zhang, and
Yuanyuan Xiao

TMN: Bridging Modality Gap via Transition Modality Network for
Visible-Infrared Person Re-Identification

Mengzhe Wang and Yuhao Wang

Dance Dissected: Enhancing Labanotation Generation through Part-
specific Attention with Transformers

Min Li, Jing Sang, and Lina Du

Defect Detection and Classification of PCB Based on RT-DETR

Shuai Hao, Xiaoqi He, and Ya Li

Efficient Multimodal Sentiment Recognition with Dual Cross-
Attention for Multi-Scale Features

Xinyu Ye, Tingsong Ma, Yi Feng, and Yiming Zhai

713

729

746

759

775



UAG: Integrating R2UNet and Attention-Guided GNN for Robust
Left Ventricle Motion Estimation

Junhao Wu, Huanbin Yao, Kai Li, and Muhammad Sadiq

YOLO-VIS: Human Vision Mechanism Enhanced YOLO for
Forward-Looking Sonar Images Object Detection

Ziyu Zheng, Yuquan Wu, Xuewei Li, Linjuan Cheng, and
Chenghao Hu

CTGR: A Dual-Branch Convolutional-Transformer Network for
RFID-Based Contactless Gesture Recognition

Ruofan Ma, Lvqging Yang, Yongrong Wu, Qianwen Mao,
Wensheng Dong, Yifan Liu, Ziyan Wen, Bo Yu, and Yishu Qiu

HydraMamba: An Efficient and High-Performance Architecture for
Time Series Classification through Multi-Mechanism Fusion

Peiqi Tang, Mengna Liu, Xin Qin, Yutao Jin, and Xu Cheng

Vision-Based Pedestrian Gesture Recognition System Using
Spatiotemporal Features

MD Aminul Islam and Xiaohui Cui

788

804

819

831

843



GLAD-Net: Global-Local Adaptive Fusion and Cross-Stage
Distillation for Cross-Level Multi-Scale Medical Image
Segmentation

Wenkai Zhao, Lingwei Zhang, Yun Zhao, Xuecheng Bai,
Zhenhuan Xu, and Yidi Li

Hybrid Point-Pillar-Transformer Network for 3D Small Object
Detection in Autonomous Driving

Rongjie Wang and Shuo Yang

Two-stage occlusion giant panda image inpainting based on partial
convolutions, multi-scale contextual attention and a new PatchGAN
with two discriminators

Xingchen Dong, Zhiwu Liao, and ChenPeng

HRS-UNet: A Semantic Segmentation Model for Precise Crop
Classification in Hyperspectral Remote Sensing Image

Zhiyu Yang, Lei Zou, and Yuhuai Lin

DASTCN: Enhancing Cross-Subject P300 Detection via
Adversarial Spatio-Temporal Learning and Adaptive Source

860

875

886

904

916



Selection

Xiaodong Yang, Fei Wang, and Zhibin Du

DPPBP: Dual-stream Protein-peptide Binding Sites Prediction
Based on Region Detection

Yueli Yang, Yang Hua, Wenjie Zhang, and Xiaoning Song

Reconstructing Reality: Robust High-Frequency Recovery for MRI
via Latent Diffusion Models

Tianzhi Wang and Jian Wang

Healthcare Informatics Theory and Methods

MHASSNet: A Deep Neural Network-based Automatic Sleep
Staging Model Using Hybrid Attention Mechanism and State Space
Model

Zhentao Huang, Shanwen Zhang, and Yin Tian

Wavelet-Based Cross-Frequency and Cross-Region Interaction
Convolutional Neural Network for Working Memory Load Level
Detection

929

944

959

972



Congming Tan, Yahong Ma, and Yin Tian

Causality Extraction in Chinese Public Health Events Text 989

Shituo Ma, Lingwei Chen, and Ran Wang

Meta-learning and Residual Block Enhanced YOLO for Accurate 1001
Detection of Gastrointestinal Pathology Lesions

Xiangyu Xue and Yakun Wang

Layer-Wise Stability Optimization for Accurate and Reliable 1019
Prediction on Clinical Lab Data

Shuang Zhang, Mei Wang, and Qiao Pan

CvdKG: Cardiovascular Disease Knowledge Graph Construction 1036
with Cascading Pointer Networks

Yu Song, Bohan Yu, Dezhi Kong, Pengcheng Wu, Shuai Zhang,
Xia Liu, Kejun Wu, and Kunli Zhang

Knowledge Discovery and Data Mining



METACoref: A Coreference Resolution Approach Based on Meta-
information Loss for Document

Ying Mao, Yong Peng, and Yong Zhong

PolyRec : Polynomial Attention for Enhanced Sequential
Recommendation

Peichen Ji, Jiwei Qin, Jie Ma, and Yanping Chen

Dynamic Encoding Selection: Adaptive Mamba and LLM Fusion
for Temporal Knowledge Graph Reasoning

Shuchong Wei and Liangjun Zang

Neural Rule Learning with Network Architecture Search for
Interpretable Classification

Xincheng He, Xueting Jiang, Haoran Liu, Shuo Guan, Jiayu
Xue, Bowen Shen, and Yuangang Wang

Overlapping Community Detection Algorithm Based on Enhanced
Label Propagation with Graph Neural Network Optimization

Xiaoliang Zhang, Xiaomeng Zhai, Meng Wang, and Hong
Zhang

1050

1062

1077

1095

1111



Adaptive Fusion Multi-View Contrastive Learning with Interest 1123
Aggregation for Collaborative Filtering

Runze Feng, Junping Liu, and Mingchao Yu

Intelligent Diagnosis for Breast Cancer Based on Multi-Modal 1141
Hierarchical Fusion of Ultrasound Images and Clinical Semantic
Features

Jian Liu, Jie Ren, Guohui Wang, Yuqi Yan, Qunyang Zuo,
Xinzheng Xue, and Dong Xu

Multi-view Graph Attention Contrastive Learning for Predicting 1151
miRNA-Disease Association

Li-Juan Qiao, Yu-Kai Ma, Yu-Tian Wang, Shuang Liu, Cun-Mei
Ji, and Chun-Hou Zheng

Achieving High Efficiency Heart Image Segmentation in U-Netby 1169
Means of Early Fusion and Contextual Information Reconstruction

Huijuan Hao and Wenpeng Wang

MTS-DTA: A drug target affinity prediction framework based on 1183
multi-task optimization and co-training

Bingchen Zhao, Lei Yu, and Hongzhe Tang



DDN-GP: Estimating Regression Predictive Distributions with
Missing Data

Chaoran Pang, Hua Wang, Shikun Tian, Chen Chen, Wu Xu,
and Lin Wang

ED-GCAE: Efficient and Adaptive Disentanglement via Shared
Features and Dynamic Noise Injection

Xingshen Zhang, Hong Pan, Bin Chai, Lin Wang, Bo Yang, and
Shuangrong Liu

ME-GCN: Motif-Enhanced Graph Convolutional Network for
Recommendation Systems

Jianmin Xu and Ping Lu

SQLC2: Correction Method Based on SQL Classification in Text-
to-SQL Enhanced by LLMs

Xinzhe Ge and Shaopeng Wang

1200

1213

1226

1243



( ) 2025 International Conference on Intelligent Computing

1 C July 26-29, Ningbo, China
" f https://www.ic-icc.cn/2025/index.php

hater parmemad ( wols vy v e
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Q-learning Differential Evolution
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Abstract. With the increasing complexity of the integrated modular avionics
(IMA) and the growing demand for efficient operation in multi-task environ-
ments, IMA systems must not only utilize various resources efficiently but also
consider communication latency, system safety and real-time responsiveness dur-
ing task execution. Because of the number and complexity of tasks increasing,
the system faces dual challenges: real-time task scheduling and resource utiliza-
tion optimization. Therefore, we propose a task scheduling method based on a
multi-stage Q-learning differential evolution algorithm. First, a bilevel schedul-
ing model for IMA systems is constructed, which comprehensively considering
key factors such as resource utilization, communication latency and safety. Sec-
ond, an enhanced differential evolution algorithm is employed to optimize the
model. Specifically, in the population initialization stage, the proposed algorithm
uses a chaotic logistic map to ensure a uniform distribution of the initial popula-
tion in the solution space. During the population evolution process, the fitness of
each infeasible individual is corrected through the penalty function. Meanwhile,
the proposed algorithm utilizes a Q-learning mechanism to dynamically adjust
the evolutionary operators to improve their adaptability and employs a multi-
stage constraint addition strategy to expand the search space of the algorithm.
Finally, experimental results comparing the proposed algorithm with other algo-
rithms demonstrate its superior performance, which indicates its effectiveness in
solving task scheduling problems in integrated avionics systems.

Keywords: IMA Task Scheduling, Constraint Handling, Differential Evolution
(DE), Q-learning Algorithm, Adaptive Operator.

1 Introduction

With the rapid development of aviation technology, traditional avionics system archi-
tectures can't meet the complex requirements of modernization. To enhance system op-
erational efficiency and ensure flight safety and reliability, IMA system has emerged
[1]. Currently, several advanced aircraft have adopted the IMA architecture, for in-
stance, the Boeing 787, Airbus A350, and COMAC C919 [1,2]. In IMA system, task
scheduling follows the bilevel scheduling model defined by the ARINC 653 standard.
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This model includes both inter-partition scheduling and intra-partition scheduling and
ensures that all applications execute within spatially and temporally separated partitions
[3]. By this partitioning mechanism, the IMA architecture guarantees that tasks running
in different partitions do not interfere with each other [4]. Compared to traditional fed-
erated and integrated avionics systems, the IMA architecture has the advantages of
time-partitioning and resource sharing, which effectively enhance the operational effi-
ciency and fault tolerance of the system. However, these advantages also make the sys-
tem more complex and present new challenges for system design. In the design process
of IMA architecture, the core challenge is how to effectively allocate tasks while en-
suring system schedulability [5]. Kim et al. [6] solved the maximum task load bounda-
ries for each IMA partition using linear programming. Davis et al. [7] used both greedy
algorithms and exhaustive search algorithms to explore the entire solution space, ob-
taining a globally optimal set of parameters. Al-Sheikh et al. [8] proposed an optimal
response algorithm based on game theory to obtain the optimal solution. Considering
the optimization of the IMA task scheduling system is a complex non-linear and non-
convex optimization problem [9], the traditional optimization algorithms used in the
above studies are difficult to meet these multi-objective requirements at the same time.

The complexity of task scheduling in IMA system requires balancing multiple con-
flicting objectives and constraints. Single-objective optimization algorithms struggle
with this challenge, so an appropriate multi-objective optimization algorithm is key to
solving the IMA task scheduling problem. CHEN [10] improved the decomposition-
based multi-objective evolutionary algorithm (MOEA/D) by introducing the con-
strained dominance principle to solve the IMA partition parameter configuration prob-
lem. However, this method relies on too many parameters. Chu [11] solved the IMA
resource parameter configuration problem using a forward-checking algorithm and an
NSGAII with an elite retention strategy. However, this approach is prone to uneven
solution distribution and premature convergence. Aminifar et al. [12] addressed real-
time system task allocation using a simulated annealing algorithm, but the model is
easy to getting trapped in local optima. Shojafar et al. [13, 14] optimized job allocation
in cloud computing using fuzzy theory and genetic algorithms, but their study did not
address constraints. The DE algorithm [15] is widely used in multi-objective optimiza-
tion because of its strong global search capability, fast convergence speed, ease of im-
plementation and simple parameter settings. However, traditional DE algorithms have
some limitations. For instance, they initialize populations randomly, which may cause
the initial population to be concentrated in certain regions of the solution space. Addi-
tionally, they use fixed evolutionary operators, which can lead to slow and unstable
convergence.

To address this, this paper proposes an improved DE-based solution for the task
scheduling problem in IMA systems. The main contributions of this paper are summa-
rized as follows:

— A bilevel scheduling model is constructed, including task scheduling and partition
scheduling, which considers resource constraints, communication delays, and sys-
tem safety.
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— A multi-stage Q-learning DE algorithm is designed, which optimizes aspects such
as population initialization, constraint handling, and adaptive adjustment of crosso-
ver and mutation operators.

— Simulation experiments validate the proposed algorithm'’s superiority in optimization
performance, demonstrating its potential for solving complex system task scheduling
problems.

2 System Model and Problem Formulation

2.1  The Bilevel Scheduling Model

The IMA system typically employs a distributed processing framework. It consists of
multiple embedded processing nodes interconnected via the AFDX network. Each pro-
cessing node can host multiple partitions, and each partition allocated one or more pre-
defined real-time tasks, as illustrated in Fig. 1.

IMA
Processing node 1 Processing node 2 Processing node i
Partition Partition Partition Partition Partition Partition

Task1 Task... Task... Task... Task... Task...

Task2 Task... Task...

Task... Task... Task...

Task3 Task... Task... Task... Task... Task...
I |
NIC] [7s iC

i il fi
2 J L

< High-speed avionics data networks >

Fig. 1. IMA system framework.

We define a bilevel scheduling model as shown in Fig. 2. The first level scheduling
divides tasks into task groups, and each group resides in a partition. The second level
scheduling assigns partitions to nodes and establishes a scheduling model to optimize
and obtain the final allocation results. We define a set of tasks as T = {t;, t,, ..., t,7}.
Each task can be represented as a triple t; = (TM;, C;, D;), where TM; is the memory
requirement, C; is the maximum execution time, and D; is the deadline. Task priorities
are determined using the Earliest Deadline First (EDF) algorithm. The set of n” parti-
tions is defined as {p,, p,, ..., p,,»}. Each partition is characterized by p; = (PM;, PT}),
where PM; is the partition’s memory size and PT; is the partition frame time. A set of
n® nodes is represented as {ny, n, ..., n,n}. Each node is defined as n,, = (NM,, NT}),
where N M, is the memory capacity and NT;, represents the main frame time.
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Task-partition
scheduling

Partition-node
scheduling

Fig. 2. The bilevel scheduling model.

2.2 Task Scheduling Problem Modeling

Task-to-Partition Scheduling. In this scheduling level, ATis defined as an allocation
matrix, where AL-T]- represents the allocation of task ¢; to partition p;. Considering safety
factors in the scheduling process, some tasks cannot be assigned to the same partition.
To address this, we define MTas the task mutual exclusion matrix, where ML-TJ- indicates
that task ¢; and task t; are mutually exclusive.

To meet the different resource requirements of tasks, some constraints must be sat-
isfied during the allocation process.

The schedulability constraint requires that the completion time of each task does not
exceed its deadline, which can be expressed as:

ish
T = Sonenptey Ay - Al - Co + Ci < D; @

where hp (i) denotes the set of tasks with higher priority than task ¢;.
The memory constraint requires that the total memory occupied in the same partition
does not exceed the partition's available memory, which can be expressed as:

Y, Al - TM; < PM; (2)

The CPU utilization constraint requires the total execution time of tasks assigned to
the same partition does not exceed the partition's frame time. It can be expressed as:

Iy Al G < Py @3)

For safety reasons, two mutually exclusive tasks cannot be assigned to the same par-
tition. This constraint can be expressed as:
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To evaluate the quality of the task scheduling results, this paper employs two opti-
mization objectives. The maximum partition utilization is used to measure the load bal-
ancing between partitions. It consists of the partition memory utilization and partition
CPU utilization, and can be expressed as:

()

T T
oAl oAl TM;
PS¢ = max | Ay - ==+, - =L —
1<jsnP PT; PM;j

where 1, and A, represent the weights and the sum equal to 1.
The average completion time is defined as the mean of the completion times of all
tasks. This objective can be expressed as:

FTavg — n_lT St (6)

In summary, the optimization objectives for task-to-partition scheduling can be ex-
pressed as:

min{P¥s¢, FT%9} @)

Partition-to-Node Scheduling. In this scheduling level, the matrix A is used to rep-
P

resent the allocation of partitions on nodes. Aj, = 1 represents that p; is allocated to
ny,. Matrix M” represents the partition mutual exclusion matrix, where M{; = 1 indi-
cates that p; and p; are mutually exclusive. In addition, a matrix E of size nP x nf rep-
resents the communication delay between partitions, where Ej, represents the commu-
nication delay caused by p; and p, on different processing nodes.

We also define the memory constraint, the CPU utilization constraint and the parti-

tion mutual exclusion constraint, which are similar to the task-to-partition scheduling.

p
"oy Af - PM; < NMj, (8)
»
Y1 Aji - PTy < NTy, ©)
P P N
Z?=1 Z;‘l=1 k=1 Afk 'A;I'Jk 'Mi’}‘ =0 (10)

The optimization goal of partition-node scheduling comprises two parts. The maxi-
mum node usage consists of node memory usage and node CPU usage.
Zr:i Ain'PTi Zr:i Ain'PMi

NM;

) (11)

N%€ = max (uy -

+ U
1<gjsnlN NT;j

In the formula, y; and p, represent the weights and their sum is 1.

The communication delay refers to the time delay caused by data exchange between
partitions located on different processing nodes in a multi-processor system or a multi-
partition system.
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_ynf nP nP nP nl P P
Cost = i—y Aj=1 Eij — Xizq Xj=1 Zk=1 Aik " Aji " Eij (12)

In summary, the optimization goal of partition-to-node scheduling can be expressed
as:

min{N*s¢, Cost} (13)

3 Proposed Algorithm

3.1  Overall Framework of MSQ-MODE

Algorithm 1: Procedure of the proposed MSQ-MODE

Input: population size: NP; maximum number of iterations: G; set of constraints: C.
Output: population: P.

Initialize the current constraint set curC < @ and external archive A « @;

2. fori< 1toNP do

3 F(i) = random(0,1); CR(i) = random(0,1);

4. P, « Evolve P using DE for G generations;

5. fori < 1tolen(Constraints) do
6
7
8
9

=

ifr(i) « Calculate the infeasibility rate if,. of constraint i on P;
priorC « Sort constraints in descending order according to if;.;
while curc is not equal to C do

. if |[A| = NP then

10. P « Select N individuals from A based on the SPEA2 strategy;

11. if |JA| < NP then

12. remainP < Generate NP — |A| individuals according to (x; = |z - n|

(15);

13. P « AU remainP,;

14, cons « Select from priorC based on the priority order;

15. curC = curC U cons,

16. while the transformation conditions are not satisfied do

17. Calculate ry, rz, and rn, according to (r, = max{rz,rn,} < €(20),

k_ k-l k_ k-1

18. fori « 1to NP do

19. Calculate F (i) and CR(i);

20. o < Generate offspring based on the DE/rand/1 strategy and binary
crossover strategy;

21. Calculate the fitness of o based on (F] = {P**¢ + P],FT""9 + P['} (18)
or (FF = {N#s¢ + PP, Cost; + P/}(19);

22. Update P based on the dominance relationship between x and o, and
update the rewards and actions;

23. Update the Q-table;

24. A < Add non-dominated feasible solutions in P;

25. return P;
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Algorithm 1 provides the pseudocode for MSQ-MODE, and the steps are as follows:
In lines 1-3, the relevant parameters are initialized. In lines 4-7, the priority of con-
straints is determined. In lines 9-13, the initial population for each stage is initialized.
In lines 14-15, constraints are added based on priority and the stage is determined. In
line 17, the maximum rate of change between the ideal and worst points over the past [
generations is calculated. In lines 18-23, the population evolves. In line 24, the external
archive is updated based on the non-dominated feasible solutions of the population.
Finally, the final P is output.

3.2 Population Initialization based on Chaotic Logistic Mapping

The chaotic logistic map [16] can enable the generated initial population to cover the
solution space more extensively and improve the global search ability. The chaotic lo-
gistic map is generally described by the following mathematical formulation:

Zig1 =02 (1—2z) (14)

where 6 € [1,4].
Each individual represents a scheduling scheme, which is encoded using the real
coded method shown in Fig. 3.

X, X, X3 X, Xs X X5 Xg X Partition number

1 2 3 4 5 6 7 8 9 Task number

Fig. 3. Real coded.

The population initialization combined with the chaotic logistic map can be repre-
sented as:

x; = |z; - n| (15)

where x; represents the value of the i-th position of individual x, i is the number of
tasks or partitions to be scheduled, and n represents the number of partitions or nodes.

3.3  Fitness Handling Mechanism based on Penalty Function

In this section, a penalty function is used to adjust the fitness of individuals failing to
satisfy the constraints. This adjustment puts them at a disadvantage during the selection
process, and prevents them from negatively affecting the optimization. In the task-to-
partition scheduling, the penalty value of the i-th individual’s fitness can be defined as:

PT = 10- (XY, max(0,1/™" - p;)
+370, max(0, 51, ATy - TM, ~ PM))

+ 377 max(0,31, AT, - C; — PT))

+ X1, S max(0, 532, Al - AL - MT))

(16)
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Similarly, the penalty function for partition-to-node scheduling is defined as:

PP = 10- (X, max(0, X, A - PM; — NM))
N P
+X72, max(0, X, Af; - PT; — NT;) a7
P P N
+ X0, Xjoy max(0,XR2, Al - Ajy - ME))
Based on the penalty function, the fitness value of individual i can be modified as:
Fl ={p*¢ + P[,FT""? + P['} (18)

FP = {N}s¢ + PP, Cost; + PF} (19)

3.4  The Adaptive Operators based on Q-learning Algorithm

In this paper, each individual independently maintains and updates the operators using
the Q-learning algorithm. We define an individual as an agent. Similar to [17], the states
are set according to the dominance relationship between offspring and parents: the off-
spring dominates the parent; the parent dominates the offspring; the offspring and the
parent do not dominate each other. Here, different adjustment schemes of the operators
are set as actions, mainly including: f = -0.1,¢, =0.1; f=0.1,¢, =0.1; f =0,
¢, = 0. These actions are transformed into a feedback mechanism to update the opera-
tors: F = F + f,CR = CR + c,. If the offspring dominates the parent, it indicates that
the current local search direction is effective, so the reward is 1. If the parent dominates
the offspring, it suggests that the current local search direction may be ineffective, thus
the reward is —1. For other situations, the reward is 0. The update of the Q-table uses
the Bellman equation. The agent uses the e-greedy strategy to select the action and re-
ceives the corresponding reward to update the Q-table.

3.5  Constraint-handling based on Multi-stage Constraint Addition

In multi-objective optimization problems, there are usually multiple constraints, impos-
ing constraints too early may limit the exploration of the solution space. To ensure that
the algorithm has good global search ability and convergence, we propose a multi-stage
constraint addition method, which enables the algorithm to smoothly transition from
the initial stage with loose constraints to the later stage with strict constraints, thereby
improving the quality of the final solution. The specific steps are as follows:

Determining the priority of constraints. Firstly, we randomly generate an initial
population. Then let the population evolve to the approximate unconstrained Pareto
Front. Next, we calculate the infeasibility rate of the population on each constraint and
sort the constraints in descending order based on the infeasibility rates.

Adding constraints stage by stage. To increase the diversity of solutions and find
potential effective solution regions, we do not add any constraints in the initial stage.
In the subsequent stages, one constraint will be gradually added in each round according
to the priority level. As the number of constraints gradually increases, the search scope
gradually narrows, and finally focuses on a solution space that satisfies all constraints.
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To improve the stability and diversity of the constraint addition process, we use an
external archive to store the non-dominated feasible solutions from each stage. At each
stage, the initial solution set is obtained from the external archive.

Stage transition conditions. We introduce the switching strategy of PPS [18] to
dynamically determine whether to add new constraints based on the optimization status
of the population. The strategy is as follows:

1. = max{rz,, g} < € (20)

- |z =z
rz, = max {(———=—
i=1,..,m max{|z; "|A}

} (21)

k —
[ni—n; |
.ma { [T
i=1,..,m max{|n; "|A}

} (22)

™My

where 7, denotes the maximum rate of change between the ideal and nadir points over
the past [ generations. z¥ and n¥ represent the ideal point and the nadir point in the k-
th generation, respectively. e issetto 1e — 3 and A isset to 1e — 6.

4 Experimental Results

4.1  Experiment Settings

The basic configuration information of the IMA system in the experiment is shown in
Table 1 and Table 2. In the task-to-partition scheduling, we set that ¢, and ¢, t; and
ti10, ty and ty¢, t; and t;4, t; and t,, are mutually exclusive (i.e., the corresponding
positions in MT are set to 1, and all other positions set to 0). Similarly, in the partition-
to-node scheduling, we set that p; and p,, p; and p, are mutually exclusive. The com-
munication delays between partitions are shown in Table 3.

Table 1. Task parameters.

Task | t; t, t3 ty ts tg t; tg o
™ 13 8 13 10 19 26 26 44 24
C 2 2 4 1 3 2 4 7 2
D 32 30 40 25 35 34 42 55 36
Task | typ t11 tiz tiz tie tis tig bty tig
™ 48 56 26 48 50 59 43 46 49
3 4 1 4 5 2 4 2 3
D 39 44 26 43 45 38 41 37 50

(@)

Table 2. Partition parameters and node parameters.

Partition P1 P2 D3 P4 Ps Ps p7 Node ng ny ng
PM 200 120 250 190 130 110 140 NM 1000 900 500
PT 50 35 65 30 98 32 41 NT 300 200 100
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Table 3. Partition Communication Delay.

Partition | p, p, Ps P+ Ps  Ps P7
D1 0 45 23 67 12 9 34
D2 45 0 12 43 56 78 90
D3 23 12 0 34 67 21 89
Da 67 43 65 0 65 32 54
Ds 2 5 67 65 0 56 87
De 89 78 21 32 5 0 43
Dy 34 90 89 54 8 43 0

NSGAII [19], CMOEA/D [20], CCMO [21] and PPS [18] are selected as the com-
parison algorithms for MSQ-MODE. NSGAII and CMOEA/D are very representative
algorithms, and CCMO and PPS are multi-stage constrained MOEAs. We set the cross-
over and mutation operators for NSGAIl, CMOEA/D and CCMO to 0.9 and 0.1, re-
spectively. The population size is set to 100 and the maximum number of iterations set
to 150. In CMOEA/D, the number of neighbors is set to 5, and the evolutionary process
uses the DE component (DE/rand/1 and binary crossover). The remaining parameters
of these algorithms align with those specified in the original papers. To account for the
randomness of the algorithms, each algorithm is run 30 times.

Since the true Pareto front of the IMA task scheduling problem is difficult to obtain
directly, the IGD index cannot be used for this problem. We adopt the hypervolume
(HV) as the performance index. The larger the HV value, the better the comprehensive
performance of the algorithm.

4.2 Result Analysis

Effectiveness test. Table 4 lists the max, min, mean and std HV values for each algo-
rithm obtained in the bilevel scheduling model. From Table 4, MSQ-MODE achieves
the best mean HV values in both task-to-partition scheduling and partition-to-node
scheduling. This indicates that the algorithm is capable of consistently producing high-
quality solution sets over multiple runs, demonstrating strong global search ability and
consistency. Additionally, MSQ-MODE also performs best in terms of both the max
and min HV values, indicating that the algorithm can find high quality solutions and
reflect its strong ability to explore the potential solution space. In contrast, in the task-
partition scheduling, the minimum HV values of CCMO and PPS are 0, and in the par-
tition-node scheduling, the minimum HV values of CMOEA/D and PPS are 0, which
indicates that they failed to find any feasible solutions during the evolutionary process.

As we can see from Fig. 4 and Table 4, our algorithm has the smallest std for HV,
indicating that it is more stable compared to other algorithms. This is because our algo-
rithm introduces a penalty function in the fitness evaluation, reducing ineffective
searches within the population and guiding the evolution direction towards the feasible
solution set, ensuring convergence stability. Moreover, our algorithm uses the Q-learn-
ing mechanism to ensure that individuals evolve in favorable directions, which not only
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improves the average HV value but also reduces the variance in convergence paths
across different experiments, thereby lowering the standard deviation. In addition, our
algorithm employs a multi-stage constraint-handling strategy, and through gradual con-
vergence, it reduces fluctuations caused by randomness, leading to more consistent so-
lution quality across different experiments and ultimately resulting in a smaller standard
deviation.

Significance test. Table 4 lists the P-values and test results of the Wilcoxon signed-
rank test comparing MSQ-MODE with NSGAIlI, CMOEA/D, CCMO and PPS at a sig-
nificance level of 0.05. In the table, the symbols "+", "=", and "—" represent that the
performance of MSQ-MODE is significantly better than that of the competitors, similar
to that of the competitors, and significantly worse than that of the competitors, respec-
tively. Table 4 shows that, from a statistical perspective, the MSQ-MODE algorithm
significantly outperforms other comparison algorithms. Notably, the Wilcoxon signed-
rank test, which is specifically designed to compare median differences between two
related samples, furnishes robust and incontrovertible evidence. This evidence strongly
supports the assertion that MSQ-MODE not only attains an exceptionally high optimi-
zation quality in the task scheduling problem but also exhibits strikingly significant
differences in its optimization outcomes. Therefore, the test results further confirm that
the MSQ-MODE algorithm has superior performance and higher stability compared to
other comparison algorithms in solving this problem. This strongly validates its ap-
plicability and reliability in practical applications.

Table 4. The min, max, mean, std of the HV values for different algorithms and the P-values
and test results of the Wilcoxon signed-rank test comparing different algorithms at a signifi-
cance level of 0.05.

Scheduling model Algorithm Min Max Mean Std P-value R
MSQ-MODE | 1.1123 12057 1.1598 0.0221 - -
NSGAII 0.7386 1.1928 09329 0.0828  3.72529E-09  +
Task-to-partition CMOEA/D | 1.0109 11807 1.0925 0.0491  1.30385E-07 +
CCMO 0.0000 1.1807 0.8579 0.4768  1.21836E-05 +
PPS 0.0000 0.8935 0.3617 0.3472  1.86265E-09  +
MSQ-MODE | 0.1865 0.1882 0.1879  0.0004 - -
NSGAII 0.1784 0.1874 0.1847 0.0026  1.86265E-09  +
Partition-to-node CMOEA/D | 0.0000 0.0122 0.0076 0.0047  1.86265E-09  +
CCMO 0.1241 0.1807 0.1544 00136 173255E-09 +
PPS 0.0000 0.0122 0.0065 0.0054  1.86265E-09  +
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HV Values Distribution Comparison in Task-partition Scheduling HV Values Distribution Comparison in Partition-node Schedulini

; =
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HV Value
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HV Value
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M5Q-MODE NSGAR CMOEAD ccMo #PS MSQ-MODE NSGAL CMOEAID ccMo %5

Fig. 4. HV values distribution of the bilevel scheduling model.

5 Conclusion

In this article, the task scheduling problem in integrated electronic systems is studied.
The core of this problem is to optimize the task scheduling scheme while satisfying the
constraints of resources, communication delays, and safety. This paper proposes a two-
layer scheduling model based on task scheduling, which is used to optimize task-parti-
tion scheduling and partition-node scheduling. Subsequently, a multi-stage Q-learning
differential evolution algorithm (MSQ-MODE) is proposed. This algorithm combines
chaotic initialization, an adaptive penalty function, a dynamic adjustment mechanism
based on Q-learning, and a multi-stage constraint addition strategy. Compared with
other heuristic algorithms, MSQ-MODE has stronger adaptability and better optimiza-
tion performance. In the future, combining machine learning techniques to automati-
cally learn and optimize task scheduling strategies will become an important research
direction.
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Abstract. In adversarial attacks, most existing methods adopt global attack meth-
ods, which attack by changing all image pixels, but this is not realistic. On the
contrary, sparse attacks indicate thatygmérturbing local regions of the input
image can deceive DNN models into making incorrect predictions. However, this
method requires a large number of queries to generate adversarial examples, and
the key issues it faces are locating the perturbationasrgaptimizing the mag-
nitude of the perturbation. Currently, generating kigiality adversarial exam-

ples and improving query efficiency in restricted environments is a challenge for
black-box attacks. In this paper, we propose a sparse -blaclattack rethod

based on the Active Subspace Evolution StrategyE&§ which locates the ac-

tive subspace of the input image through the mautih bandit method, and uses

the Covariance Matrix Adaptive Evolution Strategy algorithm for perturbation
search in the lovdimensional subspace. We model this problem aslevbi
optimization problem, optimizing both the perturbation position and magnitude
to generate higiquality adversarial examples while achieving efficient attacks.
We conducted extensive experimentsnoultiple datasets and verified that the
AS-ES method generates adversarial examples with higher quality and query ef-
ficiency than existing statef-the-art attack methods.

Keywords: AdversarialExample Black-box Attack SparsePerturbation Ac-
tive SubspaceZovariance Matrix Adaptive Evolution Strategy

Introduction

Deep neural networks (DNNs) have demonstrated exceptional performance across var-
ious domains, including image classificatidd, natural language processifj, au-
tonomous driuig [3], and face recognitiof#]. However, recent studies have shown
that deep learning models are highly susceptible to adversarial attacks. Adversarial ex-
amplegAEs) can deceive DNNs into making incorrect predictions by introducing sub-
tle, humarimpercepible perturbations to input imag€s]. This phenomenon exposes

the vulnerabilities of deep learning models in +&akld applications.

To evaluate and improve the robustness of DNNs, researchers worked on developing

more powerful adversarial attack metts, which can promote the development of more
effective model defense mechanidéls The key issues in this field include effectively
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generating higlyuality adversarial examples and improving the query efficiency and
success rate of bladbox attacks. fie quality of adversarial examples is usually con-
strained by different norms, such &g °s, °gand °q-norm. A smaller®, value means

that the generated perturbation is more difficult to detect, thereby increasing the stealth-
iness of the attack. Considegi generate AEs requires a high query cost in bk
attacks, generating higduality adversarial examples within a limited number of que-

ries has become a key challenge. In addition, a high success rate of attacks indicates
that attackers are able to keathe target model misclassify adversarial examples with

a high probability, this reflects the vulnerability of the model.

Researchers have made significant progress in studying-ibdechttacks, such as
the stateof-the-art (SOTA) Square attadgK], which can significantly reduce the num-
ber of queries for blackox attacks undefq and °gconstraints. The perturbation gen-
erated by this method is a global perturbation, which can usually improve the success
rate of attack$8]. However, adding this ptirbation to the original image will result
in significant visual differences, and the quality of the adversarial examples is very low
[9,10]. There are many existing studies on sparse attacks that can fool deep learning
models by perturbing local regionéthe original imag¢l1]. The key to sparse attacks
is to determine the location of perturbations and optimize their magrt@ileMost
existing adversarial attacks mainly optimize the magnitude of perturbations, making
them imperceptible, but the laton of perturbations is all pixels of the input image,
which results in low efficiency in searching for adversarial perturbations indiigh
mensional spacd.3].

In adversarial attacks, there is a tradfebetween perturbation norm and query num-
bers. Toaddress this issue, a natural idea is that we can guide thehuoackitack
search to the active subspace of the input image, which can most significantly affect
the predicted output of the target model, thereby realizing perturbation search in a low
dimensional space, greatly improving the efficiency of search and query. Therefore, we
propose a scorbased blaclox sparse attack method. We divide the input image into
multiple subspaces and sample in different subspaces. By adaptively adjusting the sen-
sitivity and importance of the subspaces, we select the best subspace to generate high
quality adversarial examples while achieving efficient attacks. The key idea is to select
a low dimensional subspace and perform search perturbation within that regien, co
straining the perturbation norm within a small range. The selection of subspaces and
the generation of perturbations follow a dynamic learning process, where the chosen
subspaces are evaluated based on the function loss values of the adversarial examples,
allowing the model to learn and identify active subspaces.

We propose a sparse blaokix attack method to learn and obtain the active subspace
of input images and generate highality adversarial examples, which is called the
active subspace evolution stratdgys-ES) method. In summary, we make the follow-
ing contibutions in this work.

X We propose an effective blatiox attack method, called Active Subspace Evolution
Strategy (ASES), which dynamically learns the active subspace and optimizes the
perturbation magnitude in this sensitive region throughleMail ogimization mech-
anism.
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X We explored sparse perturbation search in-diimvensional subspaces and greatly
improved the search efficiency by using the covariance matrix adaptation evolution-
ary strategy(CMAES). We also designed an effective active subspaceatiai
method to evaluate the sampled subspace by optimizing the search information,
thereby learning the active subspace.

x Extensive experiments show that the proposeeESSattack method achieves the
expected results on multiple datasets and CNN modeatkijts attack success rate
and query efficiency are better than the stdtéhe-art blackbox attack methods.

We also performed ablation experiments to select the most effective experimental
parameters.

2 Related Work

In this section, we give a general repentation of adversarial attacks. Next, we intro-
duce relative research on sparse attack and global attack. Finally, we explain the re-
search motivation of this work.

2.1 Adversarial Attack

Researching adversarial examples can improve the robustness anty staluikep
learning models. In image classification tasks, given a-traithed DNN classifier
* T, L f"%f & T,y whereTD> &P9%¢ s an input to the neural network:,,,
and Jis the number of classeBL s& &l

When the DNN correctly classifies the input image, i*e.T; L U where y is the
groundtruth label of the inpuff :KHQ FRQGXFWLQJ DGYHUVDULDO DWWDFNYV
goal is to find an adversarial examplg  that is very close to the original inp@
Even if the perturbatiortis very small and imperceptible, it can trick the deep neural
network into making incorrect classification predictions, i*e:;Ts x ¢ M U We define
the distance between adversarial examples and the original imageRdIga x «38Q §
This is usually restricted with a perturbation nofgy L L r &4 &, this is an important
indicator used to measure the quality of adversarial examples. By using the perturbation
maghnitude as a constraint for the AEs, and then maximibiegdnfidence distance
between the AEs and the original imagehus generate adversarial examples that are
as similar as possible to the original image. We can construct the generation of adver-
sarial examples as the following optimization problem:

I=T*:TEU F*:T, &PeelxQ0 's;

2.2  Sparse Attack and Global Attack

According to the different perturbation regions, adversgréaturbations can be di-
vided into global and local perturbations. Global perturbation attacks usually change
all pixels of the imag¢Q]. This attack method can achieve a high attack success rate,
but it requires perturbation search in high dimensionsttamdcope of modification is
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too large[10], resulting in obvious visual differences between the generated AEs and
the original images. Existing global attagkd] usually rely on optimizing the magni-
tude of the perturbation to ensure the minimum pergeif the perturbation, thereby
achieving an attack on the target model, but the adversarial examples have low quality.
Recently, sparse attacks have become a hot topic in adversarial attack research as a
local perturbation strategy. Unlike traditionaloghl perturbation attack methods,
sparse attacd 5] indicate that by perturbing only a portion of the input image, DNNs
can make incorrect classification results. However, the key challenge for sparse attacks
is to determine the location of perturbatiarel to optimize the magnitude of pertur-
bations at these locatiofiB2]. Existing sparse attack methods are usually divided into
three types: manual attack, heuristic attack, and optimization attack. Manual attacks are
often achieved by adding visible Idgatches to the imadé&6], which lacks automa-
tion and is inefficient. Heuristic attacks, such as Jacebésed saliency map attacks
[17], use salient regions of the image to select perturbation positions, but they also suf-
fer from poor localization accacy and high computational complexity. Optimization
attacks search for the optimal perturbation location through optimization algorithms,
such as one pixel atta¢k8], which use differential evolution algorithms to search for
one pixel and only perturlmione pixel. Current sparse attack methods focus on opti-
mizing perturbation magnitude to ensure imperceptibjli§], but their efficiency in
searching for the optimal perturbation region in hitimensional spaces remains a ma-
jor challenge.

2.3  Motivation

Although existing sparse attacks have made some significant progress, it is often diffi-
cult to balance the localization of salient regions in the input image and minimize the
perturbation®, norm. Most sparse attack methods tend to prioritize query efficiency
without limiting the magnitude of the perturbatif20], or achieve imperceptibility of

the perturbation by constrainint, norm[21], but this requires large queries.

To address the ssies of sparse attacks, a natural idea is to find a scientifically effec-
tive method to locate the active subspace of the input image, guide adversarial attacks
to perturb sensitive areas, while constraining and optimizing the magnitude of pertur-
bations, ad efficiently generate adversarial examples by finding suitable sampling per-
turbations. Therefore, we propose an active subspace evolution strateg$gjsstgo-
rithm aimed at dynamically learning the active subspace of the input image. We design
a subspacevaluation mechanism to evaluate and update the sensitivity of each region,
and use a covariance matrix adaptive evolution strategy(&8pto simulate the local
geometric shape of the search, reducing the dimensionality of the search space and
achieving ligher query efficiency.

3 Proposed Method

In this section, we introduce the proposed method calledE8Sttack, which effi-
ciently generates highuality adversarial examples.
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3.1 Multi -Arm Bandit Model for Subspace Attack

Subspace Attack ObjectiveFunction. In the adversarial attack task, we tetT; L

f " % T : T;denote the maximum logit value of the target model, wierg B 92

represents the softmax output for inpi® > &7. The adversarial attack aims to find

a perturbation vectodD9* ,QVSLUHG E\ &DUOLQL DQG :DJQHUYV ZRUN
jective loss function to minimize the distance between the logit values of the target class

and the second largest cl§22].

oo aeTEU;L*i:TEl'J;F-Yf‘é*y:TEU;é(Ja'Féael'JagQé -
Ol ’

where *y:,; denotes the logit value for clagsUis the target classjcontrols the per-
turbation magnitude.

Global adversarial perturbations often suffer from htginorms that degrade the
quality of adversarial examples. Therefore, we propose a sparse attack method that op-
erates on active subspaces. Research has shown that not all input image subspaces can
generate adversarial examples. In contrast, some of theggaseb are more active and
more likely to generate highuality adversarial examples. We abuse notation slightly
to better illustrate this issudJdenotes the generated global perturbatidngenotes
the sparse perturbation on the subspfcthus tle above problem can be transformed
into an attack problem based on the active subspace.

noalg»é*:éEA);F*:é;a'CH:éeeA)agQé u;

Establish Multi-Arm Bandit Model. We divide the input imagd B 977AH® into -
non-overlapping subspaceld L <$;<z; where each subspad ? 9714 "2 has di-
mensions satisfyind ' «<e:* & ;. At each iterationPwe select a subspadg b U

from - subspaces for perturbation search. The simplest method is to sequentially ac-
cess one subspace at a time, but this method requires a large number of queries and has
very low efficiency in generating adversarial examples. In addition, the number of
usualy increases exponentially with the increase of input image dimensions, and the
algorithm cannot sample every subspace. Therefore, we will model the sparse black
box attack problem based on active subspaces as aamultbandit (MAB) problem.

We can desdboe this problem as a{bével optimization problem expressed as follows:

2 X WY L f"%cfguéi:%;
 Q QAW L f"%f &* KTE J OF *:T;+ v
o)
wV U, 2Q0

where i 80\ 9~ quantifies the activity level of subspadg updated dynamically
through the average perturbation magnitude of the objective function loss within the
subspaceby

$UL %80 page s wUA W
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We establish a sampling probability; D 6 for each subspac&; where 6 L
358 4,2 and Afjg Ly L s We employ an Upper Confidence Bound (UCB) strategy
to dynamically selecD subspaces per iteratio® (' -), balancing exploration of un-
certain regions and exploitation of known higbtential areas. Then, based on opti-
mized search information, evaludte sampled subspac&gand update the sampling
probability L so that the probability of subspaces that meet the requirements is sam-
pled increases, thereby we can learn to obtain the active subspaces.

3.2 Active Subspace Evolution Strategy

Generate Spase Perturbations In blackbox attacks, only the output information of
the target model can be obtained through queries, with very limited accessible infor-
mation. Therefore, finding the correct search direction can effectively improve attack
efficiency. Weemploy the Covariance Matrix Adaptation Evolution Strategy (EMA
ES) to explore random perturbations.

We propose generating sparse adversarial perturbations within an active subspace.
Given an input image partitioned intodisjoint regions&uré@ we maintain sparsity
by generating perturbations only &' - selected regions per iteration. The CNES
algorithm is mainly implemented by controlling the meanstep size& and covari-
ance matrix%|It can simulate the local geometric shape ofsérch space, achieving
higher search efficiency. In CMES, each iteration generat@sandidate solutions
from 0:1 g<'£\c:=(§"°/(:;»;, sampled in the following form, where eath 4%is a search di-
rection.

Gy | (E&UALY 0:r&p, 8L s& & IX;

Since the sampled medn.and Ugare global, the perturbatiobigenerated by the
CMA-ES algorithm is of the same size as the input im&de ensure that the obtained
perturbation is sparse, we need to project the generated global perturifjation the
sampled subspac$y retaining only the perturbations Wit that subspace to obtain
Ll)o while setting the perturbations in the unsampled coordinate region to O to obtain a
sparse perturbation.

UoL 2NE U, y;
4 4D S
. P U R
UL eL_Jci|aL¢OL\rE,j:KI$U 1Z;

Evaluation of SubspaceAt each iteration, we perforrhsampling on all regions of
the input imageT Utilizing evolutionary strategy algorithm to generate sparse adver-
sarial perturbations',],oin each subspac#; Adding the sparse perturbation to the orig-
inal image Tto obtain an adversarial exampl@ We evaluate the generated adversarial
exampes using the%s 9 loss to compute the objective function value for the new so-
lution.
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®eT;  QaETh; Q® QaTy; {;

To determine the active subspace of perturbation, we established a subspace evalua-
tion mechanism that rewards the sampled subspace based on the ranking of the loss
function s T7; of adversarial examples. We define tubspace reward for sampling
selection asly, For the rankN =Gy N =G, L sis optimal), the higher the subspace
ranking, the higher the reward given.

L M AEDs& & s,
Avas F

i

We use a sliding window mechanism to store the rewards corresponding to tRe last
iterations in the subspace, ignoring the old reward information stored in histtaieal
ations. Each subspacgmaintains a reward history quemef; with a length not ex-
ceeding9, representing the reward history sequence ofghgubspace at th&iter-
ation, denoted ash' &\ & & gand ED s& & . When thenumber of information
stored in the reward history queue exceeds the size of the sliding wiidave re-
move the old data from the queue head and add the new rd}j@émdrresponding to
the subspace from the queue tail.

2NEo s k4 oR N L1457 R9

4EJ§>5; L] " i 'SS
45 R NS RWKHUZLVH

where thelﬂg represents the newly observed reward value forghgibspace in the
current iteration,P =B Hepresents taking the lagelements in the sequence (remov-
ing the first element of the sequenc®js an append operation, that¥s&? R ?L
=&&7?

In addition, we calculate the average rewardefach subspace based on the reward
history queue information mentioned above.

. . 1¢>5; 1¢>5;
4-Uc>5, L \93y ? LBy Mr
r RWKHUZLVH

IS t;

Combiring historical performance with current rewards, we use Exponential Moving
Averages (EMA) with momentum factdd L r § to balance new and olaiformation
and update the sampling probability of each subspace.

L& L UG E s F U 4" sy

This balances lonterm performance and shdagrm rewards, enabling both conver-
gence in statioary environments and dynamic tracking in +stationary scenarios.

We introduced the epsilegreedy mechanism to select the subspaces. We dynami-
cally adjust the value obon based on the current search situation. At the beginning,
we setOL & s L sand as the number of iteratiofcreasesogradually decays to

Gua
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69% L GgiE1q yF Qg A ¢ 'SV,

where Bis the attenuation coefficient, the larg@is, the faster the attenuatiod, 4
ensure longerm exploration probability. This article séf;sL r& BL rds

Sampling of Subspace We formulate subspace sampling as a raritned bandit
problem solved through Upper Confidence Bound (UCB) optimization. Each subspace
$ymaintains an adaptive score combining historical performance and uncertainty esti-
mation, which can quantify the paotéal of each subspace (upper bound of reward ex-
pectation), and prioritize selecting the subspace with the highest potential.

tZe

7%yl 45 E"—5-
U

SwW

where 4idenotes empirical reward average. The second term is the confidence interval
term, which is used to measure the uncertainty of subsfgpepresents the number

of sampling times in théggsubspae, and0 represents the total number of sampling
selections for all- subspaces. To generate the selection probability, we apply temper-
aturecontrolled softmax normalization.

5, 1317 %$1;
00 = Mg 137 %81;

'SX

The temperature parametédynamically regulates exploration and exploitation
tradeoff. A higher i promotes uniform exploration while lowérfocuses on higie-
ward subspaces. Through iterative updates, this mechanism spontaneously converges
to optimal subspace distributions.

The sampling of subspaces requires a balance between exploration and exploit mech-
anisms. At each iteration, with probabilitywe perform explorative sampling from the
UCB-optimized distribution. prioritizing subspaces with high uncertaattjusted re-
wards.

GZ af[;% LS aGhs& & 'Sy,

Conversely, with probabilitys F @ we exploit historical knowledge bgampling
from the normalized EMAIpdated probabilities.

Ll:J@>5;
:¢>5; £ ~:C>5; J . .
Gz %[so%msoh’m 5 $Z

tes Ly

Intuitively, active subspaces are more likely to generate-tpigtity random pertur-
bations. By continuously iterating, the sampling probability of this subspace will be-
come higher, prompting the algorithm to foaus searching within such subspaces,
thereby achieving the learning of active subspaces.
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Update the Evolutionary Strategy ParametersWe consider the solutions with the

top aobjective function valuese T; as the better perturbations for this iteration, and
they are more likely to obtain higluality adversarial examples. We perform a
weighted summation of thesiesampled data(}& &) %o update the sampling mean

of the evolutionary strategy. In the algorithm, the sum of the weights of all the sampled
datais 1, andS; RS R® RS P ris usually taken to emphasize those candidate
solutions that are ranked at the top.

“ieS LT osyUgzal Syl s s {;
s Ugs
The update of the covariance matrix is crucial as it determines the shape of the sam-
pling distribution and the search direction for perturbations. In black box attack scenar-
ios, the dimensions of the search space typically range 8oy s r', which is far
beyond the scope of covariance matrix calculations. Therefore, to deal with high di-
mensions, we adopt a simple rablevolutionary strategy in CMAS. In addition, we

set the ppropriate step siz€and then update the evolutionary pa{ﬁ”; and covar-
iance matrix%® .

—_— « _>5; F “w G
1¢>5; L :SFE 2 ‘G E8?2t F 2 a8, . .
S 'sF % ES§ %t F %8005 tr;
0% L :sF 3i0f E 3= "~ ‘ts;

3.3 Algorithm of AS-ES

In the following, we will give theletails of the ASES algorithm.

Initialization: Firstly, we initialize the required variableSet the CMAES evolu-
tionary strategy population size @L v E uAZ w U@U@A & L r&was the coordinate
wise standard deviation, the learning rate for updating the covariance masixds
ras Initialize the subspace with sides of lendthL u Since the input image size is
TD4"%% then we set the total number of subspacesléi/by the original image is
- LA@!I *A

Select the active subspacéit each iterationPwe use the Upper Confidence Bound
algorithm to selec@' - from all subspaces. The initialization region selection prob-
ability Ly b 6is uniformly distributed, meang that the probability of sampling each
region is equal, set thyL s -. We introduce the epsilegreedy mechanism for sub-
space sampling. To balance exploration and exploitation, with a probabildyrani-
domly select a subspace from tBgg gistribution. In addition, with a probability of
s F § sample subspace from the normalized EMdated probabilitie® utilizing
known information.
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Algorithm 1 AS-ES

Input: image z € |
subspace side length m, windows size W;

01 1]3><dxd

Output: perturbation dg;
1: Initialization: t = 0, K = [(d/m)?|, A, m" = 0, C* =1, p* = 0,

i = I/K: N = 0, &, €max, Emins M

, objective function L, classifier H(-), ¢, o,c1,

2: while H(z) = H(z +dg) and t <T do

10:
11:
12:
13:
14:
15:
16:
17:
18:
19:
20:
21:
22:

23:
24:

25:
26:
27:
28:
29:

3
4
5
6:
7
8
9

//Sampling of Subspace
for i < 0to A do

if g~ U(0,1) and g < ¢® then
) = Softmax(r - UCB)

sample k « P
else
sample k < p+l) P+ —

end if
in = .N::c —+ 1
end for
//Generate Sparse Perturbations
for i + 0o A do
0 ~mt + aty;, 1y ~ N (0,C)
dp, = Projg,(0;)
r=xz+4d B

sort @' as £ (2},,) < £ (ah,) < -

T(t) — A—ranky
k Y1
end for

//Evaluation and Update
if |RY| > W then
move the first element in RS)
end if
Rl(cH-l) _ R,(:) @Tg&)
p=ap? +(1-a)- Ry
€D = €nin + (€max — €min) - €™
m(H-l) = Z?:l wiai:)\

pgtﬂ)

K t+1) "
i=1P;

(t+1) o (t)
P = (1= )P + /(2 = co)ptess B g™
C(t+l) = (1 — Cl)c(t) + Clp(t+1)p(t+l)T
30: end while

Generate sparse perturbation:At each iteration, based on tisubspaces selected
for sampling, use the CMES algorithm to generatéadversarial perturbationt)
which are projected into the sampled subspa&e® 97H2 Ha to obtain sparse pertur-
bations l'.lo In addition, we need to constrain the sparse peatiom with aello Q0
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and addU, to the input imageTto obtain adversarial exampl@with &T E U, &b
> &?

Objective function value evaluation: We use %9 loss to calculate the corre-
sponding objective function valuge Tf}; and sortitee T ; Q& Tl ; Q® Qa Ty ;.

This can obtain the togcandidate solutions that have the greatest impact on the clas-
sifier decision of the target model, and continue to perform perturbation optimization
in the next iteration.

Evaluate and update active subspacedVe measure the sampling subspdke
based orthe ranking of the objective function loss T; We set up a reward mecha-
nism for the sampling subspaces, believing that the subspaces ranked first are more
active and have a higher probability of obtaining kigfality adversarial examples.
Therefore, ve give different reward$ydfor the sampling subspaces, update the subspace
historical reward queud,;” and adjust the sampling probability}", and finally update
the greedy coefficient ¢.

Update evolutionary strategy parameters:Select he top &solutions based on the
ranking of the objective function loss, perform weighted maximum likelihood estima-
tion to update the distribution mean of the samplésas well as the evolutionary path
LSand covariance matri®6 By adjusting thes parameters, the probability of gener-
ating the optimal solution increases.

4 Experiment

In this section, we will fully validate the effectiveness of the BS method. We con-
duct experiments on MNIST, CIFAR10 and ImageNet64 and compafeS\®ethod
with seveal stateof-the-art(SOTA) global andparseadversarial attack methods. We
aim to achieve efficient adversarial attacks and generateqgpiglity AEs. In addition,
we conducted ablation experiments to validate the effectiveness of th& A%ethod
mechanism and select the most efficient experinig@atameters.

We use attack success rate (ASR), average query count (AQ), and perturbations norm
24 to assess the attack performance of the algorithm. Generally speaking, larger pertur-
bations can improve ASR, but at the same time, they can also leaddavtuality of
the AEs. Therefore, we use tiametric to measure the ratio of the perturbatigrio
the ASR, with smaller values indicating better attack performance.

=RAN=gA

4.1 Comparative Experiment

We compare ASES with several SOTA adversarial attacks, including the kibask
global attack methodsOO [9], AutoZOOM[10], the backbox sparse attack methods
Square AttacK7], CornerSearcf21], OnePixel [18]. All parameter settings of these
comparison methods are consistent with the original text. We set the side leafjth
the active subspace ®r" of the input image.
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MNIST . The MNIST dataset consists of handwritten digit images and numerical labels
ranging from 0 to 9. Each image ista Ht zpixel grayscale handwritten digit image,
with a total of 10 categories. We randomly select 1000 correctly classified test set im-
ages for the attack, set the maximum query coByg sto 1000, and select the pre
trained VGG16 model as the target model.

Table 1. Attack performance comparison on MNIST

Method ASR AQ average®, average®s; average®g Zwufr]iesso
Z00 0.001 832 784 2.458 48.764 u
AutoZOOM 0.063 586 784 1.653 29.451 4202.85

Square 0.412 301 274.47 32.178 2.977 10.904
CornerSearch  0.045 657 1.089 1.078 1.026 a
AS-ES(ours)  0.585 164 4 1.043 0.925 3.069

original image adversarial example perturbation

Fig. 1. An example of the original image, adversarial example, and the perturbation on MNIST.
It shows that the perturbation is rather sparse.

Evaluation: Table 1 presents the experimental results comparing the method with the
AS-ES algorithm on the MNIST datasén blackbox attacks, our AES method
achieved attack performance comparable to wiite attacks, while the success rate

of other compared metkls was less than 0.5. The &S attack achieves good sparsity,

with the lowest perturbation norm compared to other attack methods, and can generate
high-quality adversarial examples. The &% method has the loweétvalue, achiev-

ing the best attack perfmance. Figure 1 shows the visualization of the original image
and adversarial examples on the MNIST dataset, indicating that our method generates
small and imperceptible perturbations.

CIFAR10. The CIFAR10 dataset contains a total of 60000 samples, efeahich is

a utHutpixel RGB color image, divided into 10 categories. We randomly select 1000
correctly classified testset images for our experiments, and normalize the input space
into > &7 Y30 vy T, 5 gt w mand set the maximum number afegies for the attack

356 t0 1000. We choose the ptained VGG16 model as the threat model for the
attack and set the active subspace size to m=3.
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Table 2. Attack performance comparison @FAR10

éwith 50
average® average® average®
Method ASR AQ verage®, verage®s verage®q queries
Z00 0.092 758 3072 4.913 56.748 14183.75
AutoZOOM 0.316 625 3072 3.704 32.152 1284.81
Square 0.784 417 1758.57 29.067 2.974 13.123
CornerSearch  0.462 854 3.275 2.025 1.171 U
OnePixel 0.002 897 3 1.902 0.945 a
AS-ES(ours) 0.818 168 27 1.773 0.913 1.892
100
—e— Z0O One-Pixel
904 —¥ AutoZOOM —— AS-ES
Square AS-ES/UCB

—#— CornerSearch —— AS-ES/W

80

70 A

60

50 A

404

Success Rate(%)

301

20 A

10 A

T T T T T T T T T T
0 100 200 300 400 500 600 700 800 900 1000
Number of Queries

Fig. 2. The attack success rate varies with the query number on CIFAR10. It can be observed
that ASES achieves a high success rate with the number of queries increasing from 50 to 1000

Evaluation: Table 2 shows the comparisof attack performance between the com-
parison method and our ASS algorithm in CIFAR10 dataset. In the bldmix attacks,

our ASES algorithm has a higher attack success rate than severalfstageart attack
methods. Th& OO attack has a low success rate and generates large perturbations. The
OnePixel attack achieves sparsity by only changing one pixel, but the success rate is
extremely low. Square attacks generate perturbations are easily noticeable -B8r AS
attack requies only a small number of queries to achieve a high success rate, and has
performance comparable to whitex attacks. From Figure 2, it can be seen that as the
number of queries increases, the success rate of #iESABethod is much higher than
other stée-of-the-art comparison methods, proving that the-BS method has high
attack performance. In addition, Our ASS algorithm has the lowestvalue compared

26/1257



AS-ES: Sparse Black-box Adversarial Attack by Active Subspace Evolution Strategy
Jinling Duan and Zhenhua Li.

to other statef-the-art attack methods. Figure 3 shows the visualization of sparse and
impercepible perturbation and adversarial samples generated on the CIFAR10 dataset.

original image adversarial example perturbation

Fig. 3. An example of the original image, adversarial example, and the perturbation on CIFAR10.
It shows that the perturbation is rather sparse.

ImageNet64.The ImageNet64 dataset is a subset of ImageNet, where the validation
set contains a total of 10,000 images, each of which is an RGB color imagg-bk v

size, divided into a total of 200 categories. For evaluation, we randomly select 1000
correctly classied images from the validation set and normalize them. We set the max-
imum query count3; ¢ sfor the attack to 500 and select the-preened VGG16 model

as the target model for the attack.

Table 3. Attack performance comparison bnageNet64

Method ASR AQ average®, average®s average®g eq":';:jso
Z00 0.005 914 12288 11.318 65.472 a
AutoZOOM 0.347 896 12288 7.762 43.823 504.581

Square 0.614 386 8923.097 189.115 4.972 12.634
OnePixel 0.011 852 3 1.795 1.102 a
AS-ES(ours) 0.763 154 108 5.413 0.948 1.706

Evaluation: From Table 3, it can be seen that compared with other comparative attack
methods, our AES method achieved a higher success rate in {daglattacks, and

the average number of queries is oslyv,vand the generated perturbations are sparse
and impercepble. Among them, theévalue is the lowest and has the lowest perturba-
tion °gnorm size. Our AES method has comparable attack performanadiie-box

attacks, achieving a high success rate and query efficiency, and generatiqgdligh
adversariabxamples. Figure 4 shows the results of the attack on the ImageNet64 da-
taset, and it can be observed from the experiment that the perturbation generated by the
AS-ES attack is small and imperceptible.
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original image adversarial example perturbation

E

Fig. 4. An example of the original imagedversarial example, and the perturbation on
ImageNet64. It shows that the perturbation is rather sparse.

4.2  Ablation Study

We evaluated the active subspace side lemgitn the ASES method and the mecha-
nism of the sliding window introduced when using th&BAnethod to locate the active
subspace. By setting different subspace sizesd sliding window sizessfor exper-
iments, we can select the settings of the effective experimental parameters.

Table 4. Ablation Study of Active Subspace Size.

DataSet sizem  ASR AQ average®, éWith. 50
queries
1 0.411 187 3 2.988
2 0.564 182 9 1.973
CIFAR10 3 0.818 168 27 1.892
4 0.824 150 48 2.062
5 0.881 126 75 2.221
3 0.575 168 27 3.178
6 0.763 154 108 1.706
ImageNet64 9 0.774 152 243 4.153
12 0.812 138 432 6.347
15 0.843 133 675 7.206

Active Subspace Sizen. Different active subspace sizes imply different sparsity of the
generated perturbations. In general, when setting large active subspatetsidecan

get the higher ASR but the lower the quality of the generated adversarial examples.
Therefore, in pratical attack scenarios, setting a reasonable size of active subspace side
length I can not only achieve a high ASR, but also obtain sparse and imperceptible
adversarial examples.

In Table 4, we set different sizes of subspace side lehgthlues basedrodifferent
datasets. As the value ¢f increases, ASR gradually increases, and the average pertur-
bation °,norm also increases. The average quewé€d) shows a decreasing region,
which is consistent with intuition. However, it can obtain the higéealues, which
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