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Figure 1 DARTS algorithm flowcharts
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Figure 3 Schematic diagram of DE-DARTS algorithm
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Figure 4 Schematic diagram of AGNAS algorithm
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Figure 6 Schematic diagram of EC-DARTS algorithm
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Overview of Differentiable Neural Network Architecture Search

LU Peng"*’, LI Keyan'?, ZHANG Hongpo™*, CHEN Liwei'”*, WU Jiahui"?, LIU Shuaibing'’

(1. School of Electrical and Information Engineering, Zhengzhou University, Zhengzhou 450001, China; 2. Robot Perception and Con-
trol Henan Engineering Laboratory, Zhengzhou 450001, China; 3. Henan Collaborative Innovation Center for Internet based Medical
and Health Services, Zhengzhou 450052, China; 4. Network Management Center, Zhengzhou University, Zhengzhou 450001, China)

Abstract; Neural Architecture Search (NAS) was an interdisciplinary study in the field of deep learning, which
aimed to automate the design of neural network structures. NAS required repeated training and evaluation of a large
number of candidate networks, which was computationally expensive. Differentiable Neural Architecture Search
(DNAS) transformed the discrete architecture search problem into a differentiable continuous optimization problem,
which reduced the computational cost. Firstly, a search algorithm framework for differentiable network architecture
was constructed from three aspects: search space, search strategy and performance evaluation strategy. Secondly,
the performance estimation bias, architecture overfitting and search stability problems of parameterization operation,
as well as the improvement strategies of optimizing search space and improving efficiency were analyzed, compared
and summarized. Then, the error rate, parameter quantity, search time and experimental hardware conditions of
typical DNAS algorithms on image classification datasets were compared and analyzed. Finally, it pointed out the
application potential of DNAS in complex scenarios such as edge device deployment, medical signal analysis, and
cross-modal matching, and proposed future research directions toward multi-objective optimization, task-driven
search space design, and cross-task transfer and reuse.

Keywords: neural architecture search; deep learning; differentiable neural architecture search; continuous optimi-

zation ; performance estimation

(BH5 49 10)
Analysis on Heat Release Characteristics of Molten Salt-based

Latent Heat Thermal Energy Storage Device

HAN Zhenxing, XU Jixue, WANG Chaoyu

(School of Energy, Power & Mechanical Engineering, North China Electric Power University, Beijing 102206, China)

Abstract; In order to provide more critical insights for the design and operational strategy of latent heat storage en-
ergy utilization systems based on molten salt, the heat release process of a phase change storage unit utilizing binary
eutectic nitrates (NaNO, and KNO,, mass ratio of 23:27) was investigated through numerical analysis in this study.
The solidification and heat release processes in the phase change storage unit, with air serving as the heat transfer
fluid, were simulated and calculated. Subsequently, the dynamic evolution characteristics of temperature and liquid
phase fraction within the molten salt, the heat release rate of the phase change storage unit, and the outlet tempera-
ture of the air were analyzed and evaluated. The findings revealed that natural convection within the molten salt
continued to play a significant role during the heat release process. As the phase transition progressed, the liquid
phase fraction of the molten salt generally demonstrated a parabolic trend. Concurrently, both the heat release rate
and the air outlet temperature exhibited linear decreases.

Keywords: phase change; molten salt; solidification; heat release characteristics; CFD; multiphase flow





