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Abstract

Neural Architecture Search (NAS) serves as an important component in Automated1

Machine Learning. Compared with reinforcement learning and gradient-based2

NAS approaches, evolutionary computation-based NAS (ENAS) has gained promi-3

nence due to its lower dependence on domain expertise and superior adaptability4

across diverse problem domains. However, despite a lot of research, how to sig-5

nificantly reduce the computational cost while pursuing high accuracy is still a6

huge challenge for ENAS. To address this issue, we propose a Social Hierarchy-7

guided Evolutionary Neural Architecture Search algorithm (SH-ENAS). In this8

algorithm, inspired by the social hierarchy, a novel population organization struc-9

ture is designed, and based on it, effective guidance operations are designed for10

the subsequent evolutionary search process. Additionally, to further reduce com-11

putational overhead, a progressive evaluation search method is proposed, which12

introduces weight inheritance and validation-loss-guided early stopping operation13

to prevent unnecessary evaluations of the architecture. The experimental results14

demonstrate that SH-ENAS achieves test errors of 2.50% and 16.24% on CIFAR-15

10 and CIFAR-100, respectively, outperforming existing state-of-the-art methods.16

In particular, SH-ENAS requires only 10 population individuals and 12 iterations17

to complete the search, with computational costs as low as 0.69 GPU days and18

0.83 GPU days, validating the significant advantages of the new algorithm in terms19

of accuracy, computational efficiency, and automation.20

1 Introduction21

Neural Architecture Search (NAS) represents a critical component of Automated Machine Learning22

(AutoML), focusing on the automated design of neural networks to reduce the cost and complexity23

associated with manual architecture development. It has demonstrated significant success across24

various domains, including image classification [1, 2, 3, 4, 5], object detection[6, 7, 8, 9, 10], and25

semantic segmentation[11, 12, 13, 14, 15, 16].26

Existing NAS algorithms can be categorized into three dominant paradigms based on optimization27

mechanisms: Reinforcement Learning-based NAS (RL-NAS), Gradient-based NAS (GD-NAS),28

and Evolutionary computation-based NAS (ENAS)[17].While RL-NAS has achieved remarkable29

performance through iterative policy optimization, its computational cost remains prohibitively high.30

Even for medium-scale benchmarks such as CIFAR-10, it typically requires more than 2000 GPU31

days. Gradient-based approaches, represented by Differentiable architecture search (DARTS) [18],32

improve efficiency by progressively relaxing the search space. However, their effectiveness heavily33

relies on carefully designed supernet architectures, which demand substantial domain expertise for34

topological initialization and hyperparameter tuning.35
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In comparison, ENAS demonstrates distinct advantages in adaptability through its population-based36

evolutionary mechanism. By implementing dynamic random crossover and mutation operations,37

ENAS reduces prior knowledge dependency while maintaining competitive performance. These38

characteristics make it particularly suitable for multi-modal tasks and complex task scenarios.39

Nevertheless, ENAS still faces critical challenges in terms of computational scalability. Even with40

acceleration techniques such as surrogate models and weight inheritance, it requires substantial41

computational resources, which significantly limits its deployment in resource-constrained environ-42

ments. This computational overhead stems from the inherent exploration–exploitation trade-off in43

evolutionary algorithms and remains an open research problem hindering their widespread adoption44

in practical applications.45

In general, the typical ENAS framework comprises four key steps, including population initialization,46

encoding, performance evaluation, and an evolutionary search process involving crossover and47

mutation operations, which are commonly implemented using Genetic Algorithms (GA) [19].To48

mitigate the high computational cost of ENAS, extensive work has been conducted, as shown in49

Section 2, primarily focusing on reducing the overhead associated with NAS performance evaluation.50

Nevertheless, how to reduce the computational resource consumption of ENAS while maintaining51

search accuracy still remains a significant challenge.52

It should be pointed out that, in addition to the performance evaluation overhead, another critical53

factor that leads to the high computational cost of ENAS, which is often underestimated in most54

current studies, lies in its evolutionary search process, which can significantly increase resource55

consumption due to insufficient search capability and inefficiency. This is mainly due to two factors:56

1) Lack of effective guidance in evolution: GA used in current ENAS employs fixed-probability57

random operations for crossover and mutation. This leads to a lack of effective guidance in58

evolution, severely limiting the algorithm’s global search ability. As a result, it requires large59

population sizes and more iterations, incurring heavy computational overhead.60

2) Extensive redundant performance evaluations: During the current ENAS search process,61

each individual in the evolutionary population is evaluated. However, as the search progresses,62

some underperforming individuals have little to no impact on the global optimization in later63

iterations, but are still evaluated because they cannot be distinguished. These redundant64

evaluations not only fail to improve search quality but also lead to significant unnecessary65

computational consumption.66

Therefore, focusing on the optimization of the search process and the reduction of redundancy67

evaluation, this paper proposes a Social Hierarchical-Guided Evolutionary Neural Architecture68

Search (SH-ENAS) algorithm, which aims to improve the global optimization ability of evolutionary69

search, reduce the population size and the number of iterations required in the search process, and70

thus reduce the consumption of computing resources.71

The primary contributions of this paper are as follows:72

1) Inspired by the social hierarchy, a novel population organization structure is designed and73

integrated with the evolutionary algorithm to effectively guide the subsequent search process.74

a) In this hierarchy, populations are divided into three subpopulations: upper, middle, and75

lower. By employing different crossover and mutation rate methods, each subpopulation76

is responsible for a different task: global optimization, potential exploration, and77

diversity maintenance, respectively.78

b) Based on the information from the upper subpopulations, a dynamic mutation operator79

selection and an operation type selection method are designed. This enables the search80

process to flexibly and adaptively adjust the size and structure of individuals under the81

guidance of high-quality individuals, thereby improving its search efficiency.82

c) Under the guidance of the number of iterations and the fitness change rate, a population83

reduction method is proposed for the lower subpopulation, which reduces unnecessary84

computational overhead by dynamically adjusting the population size.85

2) To further reduce computational overhead, a progressive evaluation search method is pro-86

posed by introducing weight inheritance and validation-loss-guided early stopping operation87

to prevent unnecessary evaluations of architectures.88

Experimental results on the CIFAR-10 and CIFAR-100 datasets demonstrate that SH-ENAS out-89

performs both classical manually designed networks and state-of-the-art NAS algorithms in terms90
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of accuracy and computational efficiency. Specifically, SH-ENAS achieves test errors of 2.50% on91

CIFAR-10 and 16.24% on CIFAR-100, surpassing all compared algorithms. Furthermore, SH-ENAS92

completes the search process with only 10 individuals and 12 iterations, reducing search costs to 0.6993

and 0.83 GPU days, significantly outperforming most existing ENAS algorithms. These results un-94

derscore the comprehensive advantages of SH-ENAS in terms of accuracy, computational efficiency,95

and automation.96

2 Related Work97

In general, all kinds of existing NAS approaches face the challenge of high computational costs98

[17].For example, NASNet[20] employs an RL-trained controller RNN to iteratively optimize neural99

network cells, achieving near state-of-the-art (SOTA) performance on CIFAR-10. However, this100

method incurs extremely high computational costs; Han et al. [21] indicated that it requires over101

1800 GPU days to search on ImageNet, making it impractical for resource-constrained environ-102

ments. To mitigate computational costs, researchers have introduced surrogate models for rapid103

architecture evaluation, reducing evaluation overhead [22, 23]. Nevertheless, these approaches still104

rely on large-scale datasets with ground truth labels, limiting their practicality. Therefore, despite105

these improvements, RL-NAS is still computationally expensive and is far from being a practical106

solution for resource-constrained scenarios.Inspired by weight-sharing mechanisms, DARTS [18]107

proposed a gradient-based NAS method that constructs a supernet for efficient performance evalua-108

tion, significantly reducing search time. However, DARTS and its variants (e.g., PC-DARTS[24],109

Fair DARTS[25]) suffer from two major issues: (1) supernet construction requires domain expertise,110

making NAS less accessible to non-expert users and hindering true NAS automation; (2) performance111

collapse caused by parameter co-adaptation, where instability in subnet weights during supernet112

training deteriorates performance.113

The earliest ENAS methods trace back to Genetic CNN, which encodes network architectures as fixed-114

length binary strings and requires 17 GPU days to train on CIFAR-10. Recent efforts have focused on115

optimizing performance evaluation to lower ENAS computational overhead. For instance, Qiu et al.116

[26] introduces performance predictor into ENAS, which employs a trained performance predictor117

to assess new architectures, reducing the need for full training and shortening search time to 1.9118

GPU days. However, this method requires large-scale training data, making predictor training itself119

costly. Zhang et al.’s EvoNAS [27] allows offspring to inherit partial weights from parents, reducing120

evaluation time. However, its mutation operation is restricted to swapping units within individuals,121

limiting global search capabilities and preventing optimal architecture discovery. Real et al. proposed122

AmoebaNet [28], employing large-scale evolutionary search with population elimination methods to123

identify high-performance architectures, but the method still incurs substantial computational cost124

(3150 GPU days). Additionally, inspired by DARTS, Yang et al. [29] and Han et al. [21] incorporated125

supernet models into the ENAS process, enabling offspring networks to inherit supernet weights for126

accelerated evaluation. Nevertheless, supernet construction still demands domain knowledge and127

engineering efforts, increasing learning costs and contradicting NAS’s goal of automation. Early128

stopping, proposed in [30, 31, 32], serves as an efficient mechanism to reduce computational overhead129

in evolutionary NAS by halting training when model performance plateaus. However, it may introduce130

evaluation bias due to varying convergence behaviors across architectures [33].131

In summary, despite the progress made by NAS, it can be observed that how to significantly reduce132

the computational cost while pursuing high accuracy remains a huge challenge.133

3 Method134

3.1 Overall algorithm framework135

Following the basic framework of ENAS as shown in Figure 1, SH-ENAS proposes innovative136

improvements in both the evolutionary search process and the performance evaluation process,137

indicated by shaded modules.138
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Figure 1: Overall algorithm framework

3.2 Social hierarchy-based population organization structure and its guided evolutionary139

methods.140

3.2.1 Social hierarchy-based population organization structure141

To enhance the global search ability of the GA algorithm and minimize the required population size,142

inspired by social hierarchy, we propose a new population organization structure and combine it143

with the GA algorithm to improve the evolutionary search efficiency of ENAS. In each iteration, we144

divided the whole population into three subpopulations - upper, middle, and lower - in descending145

order of fitness. The fitness is calculated using Equation 1, which considers both accuracy and146

model complexity. The higher the accuracy, the higher the fitness value of the individuals. And147

if the individual has a larger number of parameters, it will reduce its fitness. This encourages the148

development of lightweight, high-performance architectures.149

Fitness(x) = λ · acc(x)− accmin

accmax − accmin
+ (1− λ) · (1− parm(x)− parmmin

parmmax − parmmin
) (1)

Where λ is a coefficient balancing accuracy and parameter count, ranging from 0 to 1. acc(x)150

represents the accuracy of the current architecture, with accmin and accmax denoting the minimum151

and maximum accuracy within the population, respectively. parm(x) represents the parameter count152

of the current architecture, while parmmin and parmmax indicate the minimum and maximum153

parameter counts in the population.154

The upper subpopulation contains the best architectures of the current population, which can provide155

positive guidance for the iterative update of the evolutionary algorithm, improving the efficiency of the156

search. The middle subpopulation includes structures with high potential. By designing and applying157

flexible and appropriate crossover and mutation operations, these structures can explore promising158

areas of the architectural space more efficiently.The lower subpopulation contains architectures159

that perform poorly within the population, and during the ENAS search process, the probability of160

crossover and mutation operations should be increased for these individuals to help them escape local161

optima, thus enhancing population diversity and search efficiency. Additionally, in later iterations162

of the evolutionary algorithm, computational overhead can be significantly reduced by stopping the163

evaluation of the worst individuals in this subpopulation.164

In this social hierarchy-based structure, the members of each subpopulation are not fixed. After each165

iteration, they migrate between subpopulations based on updated fitness values, maintaining a stable166

number of individuals in each group.167

The crossover rate and mutation rate of the evolutionary algorithm are vital factors in determining the168

degree of population change. In the current ENAS algorithm, all individuals in the population are169

basically given a consistent, fixed crossover rate and mutation rate, which allows all individuals to170

optimize in the same way. While in SH-ENAS, we design and assign different subpopulations with171

different crossover rates and mutation rates, as shown in Table 1, so that they can fulfill their respective172
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responsibilities, thereby improving the global search capability of the algorithm and reducing the173

needed population size.174

Table 1: Adaptive crossover rates and mutation rates for subpopulations

Subpopulation Upper Middle Lower

Crossover Rate cu = 0 cm = λme−kcδ
2
t (1− t

T ) cl = λl(1− t
T )

Mutation Rate mu = 0 mm = µme−kmδ2t (1− t
T ) ml = µl(1− t

T )

For the upper subpopulation, these individuals have high performance, and excessive modifications175

could degrade their performance. Thus, both crossover rate cu and mutation rate mu are set to zero,176

as shown in Table 1.177

For the middle subpopulation, their fitness is at a suboptimal level, and better architectures can be178

obtained through crossover and mutation. Therefore, adaptive crossover rate cm and mutation rate179

mm are designed to more effectively explore and improve the population during evolution. As shown180

in Table 1, λm is the crossover adjustment coefficient, and kc is a variance-based adjustment factor181

that regulates crossover intensity. δ2t represents the fitness variance within the middle subpopulation,182

t is the current iteration, and T is the maximum number of iterations. Similarly, µm is the mutation183

adjustment coefficient, ensuring controlled variation in the middle subpopulation, and km is the184

corresponding variance-based adjustment factor for mutation.185

For the lower subpopulation, adaptive crossover rate cl and mutation rate ml are designed. As shown186

in Table 1, higher adjustment coefficients λl and µl encourage extensive recombination and mutation,187

enhancing diversity and escaping local optima. They gradually decrease over iterations to ensure188

stable and efficient convergence.189

3.2.2 Social hierarchy-guided mutation190

Mutation is a critical step in evolutionary algorithms, introducing diversity by randomly altering an191

individual’s genetic structure to generate new architecture. Different from the majority of current192

ENAS, in SH-ENAS, we propose a dynamic mutation method (Social hierarchy-guided mutation193

operator selection and Social hierarchy-guided Operation Type Selection) to adaptively adjust the size194

and structure of the architecture under the guidance of the upper subgroup information to promote195

search efficiency and model adaptability.196

In SH-ENAS, the architectures are encoded using the NASNet-style scheme [20]. Specifically,197

each cell is represented by node information and final connection information (contact). The node198

information comprises multiple operation-node pairs arranged sequentially, determining the network199

structure, with every two consecutive pairs corresponding to one output node. Furthermore, the200

supported operations include five major categories and nine subcategories (see Appendix C for201

details).202

1) Social hierarchy-guided mutation operator selection203

In current ENAS methods, the mutation operation can only be achieved by modifying the204

nodes, which greatly limits the search space that the algorithm can explore. In SH-ENAS, we205

supplement and design two additional mutation operations—addition and deletion—to expand206

the search space more comprehensively. Details of the mutation operations can be found in207

Appendix C.208

In SH-ENAS, we propose an adaptive probability distribution for selecting mutation operators,209

which dynamically selects mutation operations according to the information derived from the210

upper subgroup, thereby improving the quality and efficiency of the search.211

During population initialization, architectures are uniformly initialized with a node count Ninit,212

calculated as:213

Ninit =

⌊
P

Nu −Nl + 1

⌋
(2)

where P represents the population size, Nl and Nu represent lower and upper bounds.214

During the search process, the node distribution of the upper subpopulation is used to guide the215

mutation operation selection of the middle and lower subpopulations. Specifically, after each216
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iteration, the mode of the number of nodes in the upper subpopulation (n̄top), which reflects the217

scale of the current high-performance architecture, is calculated. Based on this, the probability218

functions for the three mutation operations (Add Operation: pa, Modify Operation: pm, Delete219

Operation: pd) are defined as shown in Table 2.220

Table 2: Mutation operation probabilities

n < n̄top n = n̄top n > n̄top

pa =
n̄top−n
n̄top−Nl

, pd = 0, pm = 1− pa pa = 0, pd = 0, pm = 1 pa = 0, pd =
n−n̄top

Nu−n̄top
, pm = 1− pd

When the architecture is small (n < n̄top), node addition is prioritized to enhance performance,221

with no deletion; when the architecture size is optimal (n = n̄top), only local modifications are222

allowed; and when the architecture is large (n > n̄top), node deletion is prioritized to reduce223

parameter overhead, again with no addition.224

2) Social hierarchy-guided Operation Type Selection225

Operation type is very important for ENAS, and the traditional ENAS algorithms suffer from226

inefficient search due to randomized operation type selection during mutation. This leads to227

slow convergence and suboptimal results. To address this issue, in SH-ENAS, by calculating the228

distribution probabilities of various operation types in the upper subpopulation, we propose a new229

Operation Type Selection method to guide the mutation of the middle and lower subpopulations230

towards the high-performance rapidly.231

Specifically, we first compute the frequency of each operation type appearing in the upper232

subpopulation, denoted as: To = [p
o1
, p

o2
, ..., p

on
].233

Where poi represents the frequency of the i-th operation type, and n is the total number of234

operation types. The frequency poi is computed as:235

poi =
oi∑n
i=0 oi

(3)

where oi denotes the number of occurrences of the i-th operation type in the upper subpopulation.236

Then, To is used to guide operation type selection in the middle and lower subpopulations:237

• Add Operation: The two most frequently occurring operation types in To are selected to238

form a high-quality operation type set, denoted as Lgood. When adding a new connection,239

a roulette wheel selection method is applied to determine the operation type from Lgood,240

ensuring that high-quality operations are chosen more frequently, thereby improving241

search efficiency.242

• Modify Operation: The two least frequently occurring operation types in To are selected243

to form a low-quality operation type set, denoted as Lbad. When an operation from Lbad244

exists in the current unit block, one connection containing such an operation is randomly245

removed, and a roulette wheel selection mechanism is then used to replace it with an246

operation from Lgood.247

3.3 Social hierarchy-guided population reduction248

In the social hierarchy population, the lower subpopulation consists of a large number of individuals249

with relatively low performance. As the search proceeds, the performance of individuals in this250

subpopulation gradually stabilizes. However, these individuals continue to generate new candidates251

through crossover and mutation, whose evaluation leads to a substantial and increasingly unjustifiable252

rise in the overall search cost.253

To address this issue, in SH-ENAS, we design a population reduction to improve algorithm efficiency.254

In the early stage, diversity is crucial, so no reduction is applied. As the population stabilizes,255

we gradually increase the reduction rate. The fitness variation rate serves as a key indicator of256

convergence speed. In the process of evolution, when the fitness changes relatively quickly, it257

indicates that the population is still very valuable overall, and it is not appropriate to reduce its258

individuals at this time. Conversely, if the fitness value changes slowly, indicating that the population259

has stabilized, reduction at this time will help to improve the efficiency of the search. The fitness260

variation rate v is computed as:261

v =
ft − ft−1

ft−1
(t > 1) (4)
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where ft represents the average fitness at iteration t , and ft−1 represents the average fitness at the262

previous iteration t− 1. Based on this, we define a probability function for population reduction:263

P (t) =

{
0, t < δT or v > vthreshold(

t
T

)α ·
(
1− v

vthreshold

)
, otherwise

(5)

Specifically, if the iteration count is below a predefined threshold δT or if v exceeds a threshold264

vthreshold, no reduction is performed. Here, δ is a reduction factor and α is a tuning factor. Otherwise,265

as iterations increase, the probability of reduction grows according to Equation 5, and the lower266

subpopulation size is dynamically adjusted based on P (t), effectively reducing computational burden267

while maintaining search efficiency.268

3.4 Progressive Evaluation Search Method Guided by Validation-Loss269

In SH-ENAS, we propose a Progressive Evaluation Search method by introducing weight inheritance270

and validation-loss-guided early stopping operation. As shown in Figure 6, during the iterative process,271

a maximum training epoch limit n is imposed, and a weight inheritance mechanism is utilized to272

retain the parameter information from unchanged parent models. Within each iteration, a dynamic273

early stopping criterion based on validation-loss is introduced: if the validation-loss remains below a274

predefined threshold δ for m consecutive epochs, indicating that the model performance has stabilized,275

the current evaluation process is terminated to avoid unnecessary computational overhead. This276

method improves the utilization efficiency of computational resources while maintaining evaluation277

reliability.278

Figure 2: Illustration of the Progressive Evaluation Search method.

4 Experimental Results279

This section evaluates the proposed SH-ENAS algorithm against classical manually designed networks280

and existing SOTA NAS algorithms on the CIFAR-10 and CIFAR-100 datasets. The analysis focuses281

on the comparison of accuracy, computational efficiency, as well as the comparison of population282

sizes and iteration counts with other evolutionary NAS methods. Ablation experiments are also283

conducted to verify the key improvement strategies of SH-ENAS.284

All experiments were conducted using an Intel® Xeon Gold 5218R CPU, an NVIDIA Tesla V100285

GPU, Ubuntu 18.04.2, Python 3.11.8, and PyTorch 2.2.2. Detailed experimental hyperparameters are286

provided in Appendix B.287

4.1 Evaluation of SH-ENAS on CIFAR-10 and CIFAR-100288

In this experiment, the compared algorithms include three prominent NAS categories: RL-NAS,289

Gradient-based NAS, and ENAS, representing current SOTA NAS approaches. The classification290

test error and GPU days of all compared algorithms are summarized in Table 3, where “–” indicates291

unpublished results, and all competitor results are sourced directly from their original papers.292

As shown, SH-ENAS consistently outperforms manually designed architectures in test error. Specifi-293

cally, on CIFAR-10, SH-ENAS achieves a lower error (2.50%) compared to DenseNet-BC (3.46%),294

MobileNet-V2 (4.26%), and ShuffleNet (9.13%). Similarly, on CIFAR-100, SH-ENAS attains295
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Table 3: Evaluation and comparison on CIFAR-10 and CIFAR-100.

Architectures Search Method GPU Days Params (M) CIFAR-10 CIFAR-100

DenseNet-BC [34] Manual Designed - 25.6 3.46 17.18
MobileNet-V2 [35] Manual Designed - 2.2 4.26 19.20
ShuffleNet [36] Manual Designed - 1.06 9.13 22.86

NASNet-A [20] RL 1800 3.3 2.65 16.82
Efficient NAS [23] RL 1 4.6 2.89 19.43
MetaQNN [37] RL 100 - 6.92 27.14
DARTS [18] GD 1 3.4 2.82 17.54
DARTS-PT [38] GD 0.8 3.0 2.61 -
Genetic CNN [39] EA 17 - 5.39 25.12
CNN-GA [40] EA 35 2.9 3.22 -
CNN-GA [40] EA 40 4.1 - 20.53
AmoebaNet-A [28] EA 3150 3.2 3.34 18.93
pEvoNAS-c10c [41] EA 1.41 3.0 2.73 17.77
MOGIG-Net [42] EA 14 3.0 3.13 18.23
CARS [29] EA 0.4 3.0 2.86 24.48
ESENet-P [26] EA 1.4 4.26 3.90 24.97

SH-ENAS(*avg) EA 0.69 3.4±0.12 2.57±0.07 -
0.83 4.32±0.45 - 16.46±0.22

SH-ENAS(*best) EA 0.69 3.28 2.50 -
0.83 3.87 - 16.24

16.24%, surpassing DenseNet-BC (17.18%), MobileNet-V2 (19.20%), and ShuffleNet (22.86%).296

This highlights SH-ENAS’s effectiveness as an automated alternative to manually designed networks.297

Compared with SOTA NAS methods, SH-ENAS also achieves superior performance. On CIFAR-10,298

SH-ENAS outperforms NASNet-A (2.65%), Efficient NAS (2.89%), and DARTS (2.82%), while299

on CIFAR-100, it surpasses NASNet-A (16.82%), Efficient NAS (19.43%), and DARTS (17.54%).300

These results demonstrate the advanced performance of SH-ENAS, as well as its strong generalization301

and robustness.302

SH-ENAS further excels in computational efficiency, requiring only 0.69 GPU days for CIFAR-10303

and 0.83 GPU days for CIFAR-100, substantially lower than nearly all previously reported NAS304

methods. Although methods like CARS achieve lower GPU usage through supernet-based and305

expert-driven approaches, SH-ENAS maintains full automation, offering an optimal balance between306

computational efficiency and accuracy.307

In summary, SH-ENAS demonstrates excellent accuracy, computational efficiency, and automation,308

positioning it as a promising and practical approach to neural architecture search.309

4.2 Ablation experiment310

To validate the effectiveness of the core components within our proposed SH-ENAS, we conducted311

a systematic ablation study. By selectively removing or replacing key methods, we analyzed their312

impact on algorithm performance. The experiments were conducted on the CIFAR-10 dataset with313

the same parameter settings. The experimental results are shown in Table 4.

Table 4: The ablation experiment of SH-ENAS

Methods Results
Social Hierarchy-based Social Hierarchy- Population Progressive Evaluation Search Method Accuracy GPU Params

Population Organization Structure guided Mutation Reduction Guided by Validation-Loss Days
× × × × 0.8693 12.50 1.82
✓ ✓ ✓ ✓ 0.9047 0.69 1.27
× ✓ ✓ ✓ 0.8900 0.76 1.89
✓ × ✓ ✓ 0.8930 0.69 1.56
✓ ✓ × ✓ 0.9038 0.86 1.32
✓ ✓ ✓ × 0.9068 8.10 1.29

314

The results indicate that enabling all proposed methods (row 2) achieves the highest accuracy315

(90.47%), lowest computational cost (0.69 GPU days), and smallest parameter count (1.27M).316
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Ablation of individual methods leads to decreased accuracy and/or increased computational cost,317

highlighting their importance.318

Social Hierarchy-based Population Organization Structure: Removing this method (row 3)319

reduces accuracy to 89.00% and increases GPU days to 0.76, underscoring its role in improving320

generalization and search efficiency.321

Social Hierarchy-Guided Mutation: Disabling this method (row 4) reduces accuracy to 89.30%322

and increases parameters to 1.56M, indicating its effectiveness in discovering compact and efficient323

architectures.324

Population Reduction: Omitting this approach (row 5) slightly lowers accuracy (90.38%) while325

significantly increasing GPU days (0.86), illustrating its contribution to computational efficiency.326

Progressive Evaluation Search Method Guided by Validation-Loss: Removing this method (row 6)327

substantially increases GPU days (8.10) despite slightly improved accuracy (90.68%), confirming its328

critical role in reducing computational cost.329

Baseline Configuration: Disabling all proposed methods (row 1) leads to the lowest accuracy330

(86.93%), highest computational cost (12.50 GPU days), and largest parameter count (1.82M), clearly331

demonstrating the combined value of the proposed methods.332

Overall, this ablation study validates that integrating these methods achieves an optimal balance333

among accuracy, computational efficiency, and model complexity, confirming SH-ENAS as an334

effective neural architecture search approach.335

4.3 Comparison of SH-ENAS with Other ENAS Algorithms in Terms of Population Size and336

Iteration Count337

To evaluate SH-ENAS’s efficiency, we
compare it with Genetic CNN, CNN-GA,
pEvoNAS-c10c, and CARS in terms of pop-
ulation size and iteration count, as shown in
Figure 3.
As shown in the figure, SH-ENAS resides in
the bottom-left region, requiring fewer indi-
viduals and iterations. It uses only 10 individ-
uals—half the size of typical methods—and
converges within 12 iterations, compared to
over 20 for others.
This highlights SH-ENAS’s ability to main-
tain optimization quality while reducing re-
source demands, confirming its efficiency and
well-balanced design. Figure 3: Comparison of population size and itera-

tion count.

5 Conclusion338

Conclusion: This study introduces Social Hierarchy-Guided Evolutionary Neural Architecture339

Search (SH-ENAS), leveraging social dynamics to enhance exploration and exploitation during340

architecture search. Experiments demonstrate SH-ENAS outperforms existing NAS methods in341

accuracy, efficiency, and robustness.342

Impact: SH-ENAS contributes theoretically and practically by integrating structured social dynamics343

into evolutionary NAS. It can extend to other domains like reinforcement learning and NLP, support-344

ing resource-efficient NAS, especially in limited-resource scenarios, potentially influencing future345

algorithmic designs.346

Limitation: Although effective, SH-ENAS primarily targets CNN-based image classification tasks.347

Future research should explore broader applications and scalability via distributed computing or348

hardware-aware NAS, addressing real-world constraints like hardware limitations and energy effi-349

ciency.350
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A Weight inheritance485

This subsection presents an example of weight inheritance, including crossover and mutation opera-486

tions.487

A.1 Crossover weight inheritance488

When generating the structure of an offspring individual through crossover, the training parameters489

of the parent networks are directly used as the initial weights for the corresponding nodes in the490

offspring. Since the crossover operation does not introduce any new nodes, all node parameters of491

the offspring can be directly inherited from the parents without the need for random reinitialization492

of weights.493

Figure 4 illustrates an example of offspring generation through weight inheritance in a crossover494

operation. In the cell-based encoding scheme, each edge represents an operation, meaning that each495

edge corresponds to a specific weight. Suppose individuals p1 and p2 are selected as parents for496

crossover. A crossover is performed between the fourth and fifth genes to produce two offspring,497

denoted as c1 and c2. Let θ represent the set of inheritable parameters received by the offspring. It is498

evident that all weights in the offspring are inherited from the parents.499

As shown in Figure 4, offspring c1 inherits four operations (highlighted in white boxes) from parent500

p1, while the remaining four operations (yellow boxes) are inherited from parent p2. Accordingly,501

weights w1, w2, w3, w4 are assigned from p1, and w13, w14, w15, w16 are assigned from p2 to the502

corresponding edges in c1. Similarly, offspring c2 inherits four operations (white boxes) from parent503

p2, and the remaining four operations (yellow boxes) from parent c1. The corresponding weights504

w9, w10, w11, w12 and w5, w6, w7, w8 are assigned from p2 and p1, respectively, to the appropriate505

edges in c2.506

Figure 4: The example of crossover weight inheritance

A.2 Mutation weight inheritance507

When generating the structure of an offspring individual through mutation, the original architecture508

is altered, preventing the offspring from fully inheriting all weights from its parent. However, the509

offspring can inherit the weights of components that remain unchanged during the mutation process.510

Figure 5 illustrates an example of offspring generation via weight inheritance under mutation. Assume511

that the parent individual p undergoes three types of mutation operations—addition, modification,512

and deletion—resulting in three offspring individuals, c1, c2, and c3, respectively. Let w∗ denote the513

set of weights inherited by the nodes. It can be observed that the offspring individuals inherit the514

weights associated with the unchanged parts of the parent architecture.515

As shown in Figure 5(a), during the addition operation, offspring c1 inherits eight operations from p516

(highlighted in yellow boxes), while two new operations (highlighted in white boxes) are introduced517

through the added node. Consequently, weights w1 to w8 are transferred from p to c1, while the new518

weights w9 and w10 are randomly initialized.519

Figure 5(b) illustrates the case of the modification operation. Offspring c2 inherits seven operations520

from p (yellow boxes), while one operation (white box) is altered. In this scenario, weights w1 to w6521

and w8 are inherited from p, whereas the original weight w7 corresponding to the modified operation522

is replaced with a newly initialized weight w′
7.523

Figure 5(c) demonstrates the deletion operation. Offspring c3 inherits six operations from p (yellow524

boxes), with the remaining components removed. Accordingly, weights w1 to w6 are directly inherited525

from the parent p.526
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Figure 5: The example of mutation weight inheritance

B Parameters Determination527

SH-ENAS involves several key parameters, such as the crossover adjustment factor of the middle528

subpopulation. To determine these parameters, this section conducts experiments based on the529

CIFAR-10 dataset. In the experiment, the population size is set to 10 individuals, each with an530

architecture comprising an 8-layer neural network (consisting of 6 normal cells and 2 reduction cells).531

The algorithm runs for 12 iterations. The focus of the experiment is to identify the core parameters of532

SH-ENAS, including the subpopulation division ratio, and the adaptive crossover and mutation rate533

adjustment coefficients.534

B.1 Subpopulation division ratio535

In SH-ENAS, the population is divided into three subpopulations, each representing a different region536

of the network architecture search space. The division of subpopulations significantly affects both the537

efficiency of the search process and the performance of the final network architecture. To determine538

the optimal subpopulation division ratio, four sets of experiments were designed to compare the539

search results under different ratios. The experimental results are as follows: As shown in the table,

Table 5: Subpopulation Division Experiment Results

Upper: Middle: Lower Acc GPU Days Params/M FLOPS/B
1:4:5 0.8976 0.68 1.04 0.17
1:2:2 0.9047 0.69 1.27 0.21
1:1:3 0.8924 0.68 1.66 0.29
3:3:4 0.8965 0.72 1.53 0.25

540
when the subpopulation division ratio is 1:2:2, the algorithm performs the best in terms of accuracy541

(Acc), achieving 0.9047. Furthermore, the GPU days consumed at 0.69 is quite reasonable compared542

to other division ratios. Under this ratio, the network architecture’s parameter count and FLOPS are543

relatively low, with values of 1.27 Params/M and 0.21 FLOPS/B, indicating a good balance between544

performance and computational efficiency. In contrast, the 1:4:5 and 1:1:3 ratios, although requiring545

fewer GPU days than the 1:2:2 configuration, show significant differences in accuracy. The 3:3:4546

ratio configuration performs the worst, with both lower accuracy and higher computational resource547

consumption.548

In conclusion, the 1:2:2 subpopulation division ratio provides the best balance between search effi-549

ciency and the final network architecture’s performance. This ratio effectively utilizes computational550

resources, achieves higher accuracy, and maintains the network architecture’s parameter count and551

computational complexity within a reasonable range. Therefore, the 1:2:2 subpopulation division552

ratio is selected as the optimal configuration for this algorithm.553

B.2 Adaptive Crossover and Mutation Rate Adjustment Coefficients554

In SH-ENAS, the adaptive crossover and mutation rate adjustment coefficients significantly influence555

the extent of updates within the population. These adjustment coefficients include four key parameters:556

the crossover rate adjustment coefficient for the middle subpopulation, the mutation rate adjustment557

coefficient for the middle subpopulation, the crossover rate adjustment coefficient for the lower558

subpopulation, and the mutation rate adjustment coefficient for the lower subpopulation. These559

coefficients determine the intensity of crossover and mutation operations within the middle and lower560
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subpopulations, which in turn impacts the search efficiency and final performance of the algorithm.561

To determine the optimal configuration of these parameters, experiments were conducted using562

various combinations of crossover and mutation rate adjustment coefficients, and their impact on563

performance was evaluated. The experimental results are shown in the following table: From the

Table 6: Adaptive Crossover and Mutation Rate Adjustment Coefficients Experiment Results

(λm, λl, µm, µl) Acc GPU Days Params/M FLOPS/B
(0.65, 0.75, 0.7, 0.8) 0.8976 0.74 1.04 0.17
(0.45, 0.55, 0.5, 0.6) 0.9047 0.69 1.27 0.21
(0.25, 0.35, 0.3, 0.4) 0.9043 0.68 2.38 0.39

564
experimental results in Table 6, it is evident that when the crossover and mutation rate adjustment565

coefficients are configured as (0.45, 0.55, 0.5, 0.6), the algorithm achieves the highest accuracy of566

0.9047, with a GPU days consumption of 0.69. Although the parameter count and FLOPS of the567

resulting architecture are relatively high, this configuration offers a good balance between accuracy568

and computational efficiency.569

In contrast, when the coefficients are set to (0.25, 0.35, 0.3, 0.4), the GPU days consumed are lower,570

but the resulting architecture has the largest parameter count and FLOPS, and the accuracy is slightly571

lower than the previous configuration. This indicates that lower crossover and mutation intensities572

limit the exploration of the search space.573

When the coefficients are set to (0.7, 0.8, 0.65, 0.75), the crossover and mutation operations are574

more intense, resulting in the lowest accuracy and the highest GPU days consumed. This suggests575

that excessively high crossover and mutation intensities can lead to instability in the search process,576

negatively impacting final performance.577

In conclusion, the (0.45, 0.55, 0.5, 0.6) configuration of crossover and mutation rate adjustment578

coefficients provides the highest accuracy while consuming a reasonable amount of GPU days.579

Therefore, this configuration is chosen for algorithm optimization.580

B.3 Other Parameters in SH-ENAS581

In addition to the key parameters discussed above, SH-ENAS also includes other parameters that582

influence the search efficiency and overall performance of the algorithm. The specific values for these583

parameters used in SH-ENAS are detailed in Table 7.584

Table 7: Other Parameters in SH-ENAS

Parameter Value

Population Size 10

Iteration Count 12

Fitness Function Weight Coefficient (λ) 0.95

Epoch Limit per Iteration in Early Stopping 15

Patience in Early Stopping 5

Early Stopping Threshold (δ) 0.001

Speed Threshold for Population Reduction (vthreshold) 0.06

Adjustment Factor in Population Reduction (α) 0.8

Learning Rate for Architecture Search 0.0027

Optimizer for Architecture Search SGD

Training Batch Size during Architecture Search 96

Validation Batch Size during Architecture Search 96
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These parameters include population size, maximum iteration count, and fitness function adjustment585

coefficient, among others. Although these parameters impact algorithm performance, their optimal586

configurations can vary depending on specific tasks and have broader implications. Therefore, instead587

of conducting individual tuning experiments for these parameters, their values were determined based588

on empirical settings from related literature.589

C Mutation Operations in SH-ENAS590

Existing ENAS methods typically employ NASNet-style encoding, where each cell is defined by591

node pairs comprising operation and input-node information, significantly limiting the mutation space592

due to a fixed number of nodes. In contrast, SH-ENAS introduces a variable-length encoding scheme593

through three distinct mutation operations: addition, modification, and deletion, as demonstrated by594

the following examples.595

Given an initial encoded cell:596

[(0, 0), (4, 1), (8, 1), (8, 2), (2, 0), (4, 2), (3, 2), (4, 3)],

the three mutation operations are defined as:597

• Add Operation: A new node is appended at the end of the cell. For example, adding node598

pairs (5, 5) and (9, 4).599

• Modify Operation: An existing operation type within a node pair is changed. For instance,600

changing the 5th node pair operation from a skip connection (2) to a dilated 5×5 convolution601

(6).602

• Delete Operation: The last node pairs are removed. For example, deleting the node pairs (3,603

2) and (4, 3).604

A graphical illustration of these mutation operations is provided in Figure 6.605

Figure 6: Examples of the three mutation operations in SH-ENAS

D Operation Types in SH-ENAS606

Mutation is essential in evolutionary algorithms to introduce diversity by randomly altering archi-607

tectures. SH-ENAS implements a dynamic mutation strategy guided by information from the upper608

subpopulation, promoting efficiency and adaptability. The specific operation types used in SH-ENAS609

are detailed in Table 8, categorized into five main groups with nine distinct operations.610
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Table 8: Mutation operation types in SH-ENAS

Operation Type Specific Operation Encoding

Basic Pooling Operation [43] Average Pooling 0
Max Pooling 1

Skip Connection [44] – 2

Depthwise Separable Convolution Block [45]
Depth-wise separable 3×3 3
Depth-wise separable 5×5 4
Depth-wise separable 7×7 5

Dilated Convolution Block [46] Dilated 5×5 6
Dilated 7×7 7

Inverted Residual Block [35] Inverted residuals 3×3 8
Inverted residuals 5×5 9
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Question: Do the main claims made in the abstract and introduction accurately reflect the613

paper’s contributions and scope?614

Answer: [Yes]615

Justification: Our main claim are summarized in introduction offer detailed explanations.616

Guidelines:617

• The answer NA means that the abstract and introduction do not include the claims618

made in the paper.619

• The abstract and/or introduction should clearly state the claims made, including the620

contributions made in the paper and important assumptions and limitations. A No or621

NA answer to this question will not be perceived well by the reviewers.622

• The claims made should match theoretical and experimental results, and reflect how623

much the results can be expected to generalize to other settings.624

• It is fine to include aspirational goals as motivation as long as it is clear that these goals625

are not attained by the paper.626

2. Limitations627

Question: Does the paper discuss the limitations of the work performed by the authors?628

Answer: [Yes]629

Justification: We discuss the limitations of this paper in the last section of the Conclusion.630
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the paper has limitations, but those are not discussed in the paper.633

• The authors are encouraged to create a separate "Limitations" section in their paper.634

• The paper should point out any strong assumptions and how robust the results are to635
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model well-specification, asymptotic approximations only holding locally). The authors637
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• The authors should discuss the computational efficiency of the proposed algorithms648

and how they scale with dataset size.649

• If applicable, the authors should discuss possible limitations of their approach to650

address problems of privacy and fairness.651

• While the authors might fear that complete honesty about limitations might be used by652

reviewers as grounds for rejection, a worse outcome might be that reviewers discover653

limitations that aren’t acknowledged in the paper. The authors should use their best654

judgment and recognize that individual actions in favor of transparency play an impor-655

tant role in developing norms that preserve the integrity of the community. Reviewers656

will be specifically instructed to not penalize honesty concerning limitations.657

3. Theory Assumptions and Proofs658

Question: For each theoretical result, does the paper provide the full set of assumptions and659

a complete (and correct) proof?660

Answer: [NA]661

Justification:662

Guidelines:663

• The answer NA means that the paper does not include theoretical results.664

• All the theorems, formulas, and proofs in the paper should be numbered and cross-665

referenced.666

• All assumptions should be clearly stated or referenced in the statement of any theorems.667
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• The proofs can either appear in the main paper or the supplemental material, but if668

they appear in the supplemental material, the authors are encouraged to provide a short669

proof sketch to provide intuition.670

• Inversely, any informal proof provided in the core of the paper should be complemented671

by formal proofs provided in appendix or supplemental material.672

• Theorems and Lemmas that the proof relies upon should be properly referenced.673

4. Experimental Result Reproducibility674

Question: Does the paper fully disclose all the information needed to reproduce the main ex-675

perimental results of the paper to the extent that it affects the main claims and/or conclusions676

of the paper (regardless of whether the code and data are provided or not)?677

Answer: [Yes]678

Justification: The data to reproduce the experimental results of the paper is detailed in679

Appendix B.680

Guidelines:681

• The answer NA means that the paper does not include experiments.682
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well by the reviewers: Making the paper reproducible is important, regardless of684

whether the code and data are provided or not.685
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to make their results reproducible or verifiable.687
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might suffice, or if the contribution is a specific model and empirical evaluation, it may690

be necessary to either make it possible for others to replicate the model with the same691

dataset, or provide access to the model. In general. releasing code and data is often692

one good way to accomplish this, but reproducibility can also be provided via detailed693

instructions for how to replicate the results, access to a hosted model (e.g., in the case694

of a large language model), releasing of a model checkpoint, or other means that are695

appropriate to the research performed.696

• While NeurIPS does not require releasing code, the conference does require all submis-697

sions to provide some reasonable avenue for reproducibility, which may depend on the698

nature of the contribution. For example699

(a) If the contribution is primarily a new algorithm, the paper should make it clear how700

to reproduce that algorithm.701

(b) If the contribution is primarily a new model architecture, the paper should describe702

the architecture clearly and fully.703

(c) If the contribution is a new model (e.g., a large language model), then there should704

either be a way to access this model for reproducing the results or a way to reproduce705

the model (e.g., with an open-source dataset or instructions for how to construct706

the dataset).707

(d) We recognize that reproducibility may be tricky in some cases, in which case708

authors are welcome to describe the particular way they provide for reproducibility.709

In the case of closed-source models, it may be that access to the model is limited in710

some way (e.g., to registered users), but it should be possible for other researchers711

to have some path to reproducing or verifying the results.712

5. Open access to data and code713

Question: Does the paper provide open access to the data and code, with sufficient instruc-714

tions to faithfully reproduce the main experimental results, as described in supplemental715

material?716

Answer: [Yes]717

Justification: The data and code supporting the reproducibility of our experiments are718
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comprehensive methodology required for reproduction is provided in the Method section.720
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• The answer NA means that paper does not include experiments requiring code.722
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• While we encourage the release of code and data, we understand that this might not be725
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including code, unless this is central to the contribution (e.g., for a new open-source727

benchmark).728

• The instructions should contain the exact command and environment needed to run to729

reproduce the results. See the NeurIPS code and data submission guidelines (https:730

//nips.cc/public/guides/CodeSubmissionPolicy) for more details.731

• The authors should provide instructions on data access and preparation, including how732

to access the raw data, preprocessed data, intermediate data, and generated data, etc.733

• The authors should provide scripts to reproduce all experimental results for the new734

proposed method and baselines. If only a subset of experiments are reproducible, they735

should state which ones are omitted from the script and why.736

• At submission time, to preserve anonymity, the authors should release anonymized737

versions (if applicable).738

• Providing as much information as possible in supplemental material (appended to the739

paper) is recommended, but including URLs to data and code is permitted.740

6. Experimental Setting/Details741

Question: Does the paper specify all the training and test details (e.g., data splits, hyper-742

parameters, how they were chosen, type of optimizer, etc.) necessary to understand the743

results?744

Answer: [Yes]745

Justification: We introduced various hyperparameters (such as optimizer, etc.) in the746

experiment in APPENDIX B.747

Guidelines:748

• The answer NA means that the paper does not include experiments.749

• The experimental setting should be presented in the core of the paper to a level of detail750

that is necessary to appreciate the results and make sense of them.751

• The full details can be provided either with the code, in appendix, or as supplemental752

material.753

7. Experiment Statistical Significance754

Question: Does the paper report error bars suitably and correctly defined or other appropriate755

information about the statistical significance of the experiments?756

Answer: [NA]757

Justification:758

Guidelines:759

• The answer NA means that the paper does not include experiments.760

• The authors should answer "Yes" if the results are accompanied by error bars, confi-761

dence intervals, or statistical significance tests, at least for the experiments that support762

the main claims of the paper.763

• The factors of variability that the error bars are capturing should be clearly stated (for764

example, train/test split, initialization, random drawing of some parameter, or overall765

run with given experimental conditions).766

• The method for calculating the error bars should be explained (closed form formula,767

call to a library function, bootstrap, etc.)768

• The assumptions made should be given (e.g., Normally distributed errors).769

• It should be clear whether the error bar is the standard deviation or the standard error770

of the mean.771

• It is OK to report 1-sigma error bars, but one should state it. The authors should772

preferably report a 2-sigma error bar than state that they have a 96% CI, if the hypothesis773

of Normality of errors is not verified.774

• For asymmetric distributions, the authors should be careful not to show in tables or775

figures symmetric error bars that would yield results that are out of range (e.g. negative776

error rates).777

• If error bars are reported in tables or plots, The authors should explain in the text how778

they were calculated and reference the corresponding figures or tables in the text.779

8. Experiments Compute Resources780

Question: For each experiment, does the paper provide sufficient information on the com-781

puter resources (type of compute workers, memory, time of execution) needed to reproduce782

the experiments?783

Answer: [Yes]784
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Justification: The computational resource consumption of our experiments is clearly indi-785

cated (specifically in the Experiment result and Appendix C).786

Guidelines:787

• The answer NA means that the paper does not include experiments.788

• The paper should indicate the type of compute workers CPU or GPU, internal cluster,789

or cloud provider, including relevant memory and storage.790

• The paper should provide the amount of compute required for each of the individual791

experimental runs as well as estimate the total compute.792

• The paper should disclose whether the full research project required more compute793

than the experiments reported in the paper (e.g., preliminary or failed experiments that794

didn’t make it into the paper).795

9. Code Of Ethics796

Question: Does the research conducted in the paper conform, in every respect, with the797

NeurIPS Code of Ethics https://neurips.cc/public/EthicsGuidelines?798

Answer: [Yes]799

Justification: We have read and understood the code of ethics; and have done our best to800

conform.801

Guidelines:802

• The answer NA means that the authors have not reviewed the NeurIPS Code of Ethics.803

• If the authors answer No, they should explain the special circumstances that require a804

deviation from the Code of Ethics.805

• The authors should make sure to preserve anonymity (e.g., if there is a special consid-806

eration due to laws or regulations in their jurisdiction).807

10. Broader Impacts808

Question: Does the paper discuss both potential positive societal impacts and negative809

societal impacts of the work performed?810

Answer: [Yes]811

Justification:We discuss the impact of this paper in the second paragraph of the Conclusion.812

Guidelines:813

• The answer NA means that there is no societal impact of the work performed.814

• If the authors answer NA or No, they should explain why their work has no societal815

impact or why the paper does not address societal impact.816

• Examples of negative societal impacts include potential malicious or unintended uses817

(e.g., disinformation, generating fake profiles, surveillance), fairness considerations818

(e.g., deployment of technologies that could make decisions that unfairly impact specific819

groups), privacy considerations, and security considerations.820

• The conference expects that many papers will be foundational research and not tied821

to particular applications, let alone deployments. However, if there is a direct path to822

any negative applications, the authors should point it out. For example, it is legitimate823

to point out that an improvement in the quality of generative models could be used to824

generate deepfakes for disinformation. On the other hand, it is not needed to point out825

that a generic algorithm for optimizing neural networks could enable people to train826

models that generate Deepfakes faster.827

• The authors should consider possible harms that could arise when the technology is828

being used as intended and functioning correctly, harms that could arise when the829

technology is being used as intended but gives incorrect results, and harms following830

from (intentional or unintentional) misuse of the technology.831

• If there are negative societal impacts, the authors could also discuss possible mitigation832

methods (e.g., gated release of models, providing defenses in addition to attacks,833

mechanisms for monitoring misuse, mechanisms to monitor how a system learns from834

feedback over time, improving the efficiency and accessibility of ML).835

11. Safeguards836

Question: Does the paper describe safeguards that have been put in place for responsible837

release of data or models that have a high risk for misuse (e.g., pretrained language models,838

image generators, or scraped datasets)?839

Answer: [NA]840

Justification:841

Guidelines:842

• The answer NA means that the paper poses no such risks.843
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• Released models that have a high risk for misuse or dual-use should be released with844

necessary safeguards to allow for controlled use of the model, for example by requiring845

that users adhere to usage guidelines or restrictions to access the model or implementing846

safety filters.847

• Datasets that have been scraped from the Internet could pose safety risks. The authors848

should describe how they avoided releasing unsafe images.849

• We recognize that providing effective safeguards is challenging, and many papers do850

not require this, but we encourage authors to take this into account and make a best851

faith effort.852

12. Licenses for existing assets853

Question: Are the creators or original owners of assets (e.g., code, data, models), used in854

the paper, properly credited and are the license and terms of use explicitly mentioned and855

properly respected?856

Answer: [Yes]857

Justification: We are not shipping our code with any source code or binary files from any858

other existing libraries, so there are no concerns over getting permission or including a859

license. We did cite open-sourced libraries, e.g. PyTorch, in our paper.860

Guidelines:861

• The answer NA means that the paper does not use existing assets.862

• The authors should cite the original paper that produced the code package or dataset.863

• The authors should state which version of the asset is used and, if possible, include a864

URL.865

• The name of the license (e.g., CC-BY 4.0) should be included for each asset.866

• For scraped data from a particular source (e.g., website), the copyright and terms of867

service of that source should be provided.868

• If assets are released, the license, copyright information, and terms of use in the869

package should be provided. For popular datasets, paperswithcode.com/datasets870

has curated licenses for some datasets. Their licensing guide can help determine the871

license of a dataset.872

• For existing datasets that are re-packaged, both the original license and the license of873

the derived asset (if it has changed) should be provided.874

• If this information is not available online, the authors are encouraged to reach out to875

the asset’s creators.876

13. New Assets877

Question: Are new assets introduced in the paper well documented and is the documentation878

provided alongside the assets?879

Answer: [NA]880

Justification:881

Guidelines:882

• The answer NA means that the paper does not release new assets.883

• Researchers should communicate the details of the dataset/code/model as part of their884

submissions via structured templates. This includes details about training, license,885

limitations, etc.886

• The paper should discuss whether and how consent was obtained from people whose887

asset is used.888

• At submission time, remember to anonymize your assets (if applicable). You can either889

create an anonymized URL or include an anonymized zip file.890

14. Crowdsourcing and Research with Human Subjects891

Question: For crowdsourcing experiments and research with human subjects, does the paper892

include the full text of instructions given to participants and screenshots, if applicable, as893

well as details about compensation (if any)?894

Answer: [NA]895

Justification:896

Guidelines:897

• The answer NA means that the paper does not involve crowdsourcing nor research with898

human subjects.899

• Including this information in the supplemental material is fine, but if the main contribu-900

tion of the paper involves human subjects, then as much detail as possible should be901

included in the main paper.902
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• According to the NeurIPS Code of Ethics, workers involved in data collection, curation,903

or other labor should be paid at least the minimum wage in the country of the data904

collector.905

15. Institutional Review Board (IRB) Approvals or Equivalent for Research with Human906

Subjects907

Question: Does the paper describe potential risks incurred by study participants, whether908

such risks were disclosed to the subjects, and whether Institutional Review Board (IRB)909

approvals (or an equivalent approval/review based on the requirements of your country or910

institution) were obtained?911

Answer: [NA]912

Justification:913

Guidelines:914

• The answer NA means that the paper does not involve crowdsourcing nor research with915

human subjects.916

• Depending on the country in which research is conducted, IRB approval (or equivalent)917

may be required for any human subjects research. If you obtained IRB approval, you918

should clearly state this in the paper.919

• We recognize that the procedures for this may vary significantly between institutions920

and locations, and we expect authors to adhere to the NeurIPS Code of Ethics and the921

guidelines for their institution.922

• For initial submissions, do not include any information that would break anonymity (if923

applicable), such as the institution conducting the review.924
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