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Figure 1 RDPG-Route intelligent routing framework
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Table 1 Simulation experiment parameter configuration
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Abstract: To solve the problems of slow convergence speed, high average delay, and low bandwidth utilization of
existing intelligent routing algorithms, in this study, a multi-path intelligent routing algorithm RDPG-Route based
on deep reinforcement learning ( DRL) was proposed. In the algorithm, the recurrent determi-nistic policy gradient
(RDPG) was used as the training framework, the long short-term memory ( LSTM) was introduced as the neural
network. The algorithm advantages of RDPG were used to handle high-latitude problems and the storage capacity of
the memory in the LSTM loop core, the dynamically changing network state could be input to the neural network for
training. After the algorithm training converged, the action value output by the neural network was used as the net-
work link weight, and the traffic was divided based on the multi-path routing strategy to realize the intelligent dy-
namic adjustment of the network routing. Finally, RDPG-Route routing algorithm was compared with ECMP, DRL-
TE, and DRL-R-DDPG routing algorithms respectively. The results indicated that RDPG-Route had better conver-
gence and effectiveness. Compared with other optimal intelligent routing algorithm, RDPG-Route could reduce the
average end-to-end delay by at least 7. 2% , improve the throughput by 6. 5%, and reduce the packet loss rate by
8.9% and the maximum link utilization rate by 6. 3%.

Keywords: quality of experience; software defined network; deep reinforcement learning; routing algorithms; re-

current deterministic policy gradient
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Research Progress of Covalent Organic Framework

Membranes for Liquid-based Separations
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Abstract: Due to the trade-off limit between membrane flux and selectivity, the development and application of tra-
ditional polymer membranes in liquid separation are further impeded. Covalent organic frameworks ( COF) are a
newly emerging class of porous materials, which hold great promise for developing high-performance membranes
with rapid molecule/ion transport and high-efficient liquid separations. In this review, the effects of pore size, sta-
bility, hydrophilicity/hydrophobicity and surface charge on the physicochemical properties, pore structures, and
separation properties of COF structure-function relationship of COF membranes was discussed. The strategies of reg-
ulating the COF properties to optimize membrane performance were briefly described, mainly including selection/
pre-design of monomers to synthesize COF membranes and post-modification of COF membranes. In addition, the
fabrication strategies of advanced COF membranes were highlighted: blending, in-situ growth, vacuum-assisted fil-
tration and interfacial polymerization. Also, the latest research advances of COF membranes in seawater desalina-
tion, sewage treatment, organic solvent nanofiltration and osmotic energy conversion were outlined. Finally, in view
of membrane material preparation and commercialization requirements, the current challenges and future develop-
ment trends of COF membranes were proposed, providing inspiration for the “on-demand design” of new functional
COF membranes and useful guideline for the development and practical application of COF membranes for liquid
separation.

Keywords: covalent organic framework membrane; liquid separation; interfacial polymerization; fabrication

and application



