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#H: real time data aggregation in contention based wireless sensor networks .

JR3C#: We investigate the problem of delay constrained maximal
information collection for csma based wireless sensor networks . We study
how to allocate the maximal allowable transmission delay at each node , such
that the amount of information collected at the sink is maximized and the total
delay for the data aggregation is within the given bound . We formulate the
problem by using dynamic programming and propose an optimal algorithm for
the optimal assignment of transmission attempts . Based on the analysis of the
optimal solution , we propose a distributed greedy algorithm . It is shown to
have a similar performance as the optimal one .

HIERPHXERIF: data aggregation; sensor networks; algorithms;
performance;

REIMAEFRCPRIXHIF:  design; real time traffic; csma ca; delay constrained

transmission

B 1 34 R U A R 1
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Table 2 Results of present keyphrase prediction
N Fl@5 Fle M
ik Inspec  Krapivin NUS SemEval  KP20k Inspec  Krapivin NUS SemEval KP20k
catSeq 0.225 0.269 0.323 0.242 0.291 0.262 0. 354 0.397 0.283 0.367
catSeqTG 0.229 0.282 0.325 0.246 0.292 0.270 0. 366 0.393 0.290 0. 366
catSeqTG-2RF1 0.253 0. 300 0.375 0.287 0.321 0. 301 0. 369 0.433 0.329 0. 386
UniKeyphrase 0.260 — 0.415 0.302 0. 347 0.288 — 0. 443 0.322 0. 352
PromptKP 0. 260 — 0.412 0.329 0.351 0.294 — 0.439 0. 356 0. 355
SimCKP * 0.352 0.386 0. 494 0.391 0. 425 0.354 0. 383 0. 495 0. 390 0. 426
ACL-KP(k=1) 0. 355 0.399 0.487 0.391 0. 426 0. 357 0. 400 0.487 0.389 0. 427
ACL-KP(k=3) 0. 360 0.410 0. 489 0.394 0.429 0. 363 0.413 0. 488 0. 395 0.430
ACL-KP(k=5) 0.359 0.408 0.489 0.385 0.428 0. 365 0. 408 0. 490 0.385 0.429
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Table 3 Results of absent keyphrase prediction
. Fl@5 Fl@ M
ik Inspec  Krapivin NUS SemEval  KP20k Inspec  Krapivin NUS SemEval KP20k
catSeq 0. 004 0.018 0.016 0.016 0.015 0. 008 0.036 0.028 0.028 0.032
catSeqTG 0. 005 0.018 0.011 0.011 0.015 0.011 0.034 0.018 0.018 0.032
catSeqTG-2RF1 0.012 0.030 0.019 0.021 0. 027 0.021 0. 053 0.031 0.030 0. 050
UniKeyphrase 0.026 — 0. 045 0. 045 0. 046 0.036 — 0. 056 0.052 0. 068
PromptKP 0.017 — 0. 036 0.028 0.032 0.022 — 0. 042 0.032 0. 042
SimCKP * 0.023 0. 069 0. 068 0. 046 0. 065 0. 026 0.076 0.071 0. 050 0. 066
ACL-KP 0. 027 0. 065 0. 084 0.041 0.074 0.028 0.073 0. 092 0.051 0.079
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Figure 4 Impact of different parameter settings on

experimental results
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Table 4 The ablation experiments
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EX#4: Social percolation and the influence of mass media. <eos> In the marketing model
of Solomon and Weisbuch, people buy a product only if their neighbours tell them of its
quality, and if this quality is higher than their own quality expectations. Now we introduce
additional information from the mass media, which is analogous to the ghost field in
percolation theory. The mass media shift the percolative phase transition observed in the
model, and decrease the lime after which the stationary state is reached.

Btk e2in):

B HIIAY: stationary state; social percolation; ghost field; quality expectations; percolative
phase transition

BEXHARHBIMAY: cinema; solomon-weisbuch marketing model; customers; external field

SimCKP:
present: Social percolation; percolation; field; marketing; phase transition;
absent: sociophysics; mass media influence; econophysics; monte carlo simulation; cybernetics;

ACL-KP:
present: field; percolation; Social percolation; marketing; percolative phase transition;
absenl: mass media influence; markeling models; cybernelics; e-commerce; percolative process
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Figure 5 Comparison of keyphrase prediction results for a

sample case
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Dynamic Contrastive Representation Enhancement Approach for Keyphrase Prediction

GENG Xuelian'?, SONG Mingyang'®, FENG Yi"?, JING Liping"?, YU Jian"’

(1. School of Computer and Information Technology, Beijing Jiaotong University, Beijing 100044, China; 2. Beijing Key Lab of Traffic
Data Analysis and Mining, Beijing Jiaotong University, Beijing 100044, China)

Abstract; Keyphrase prediction often fail to fully utilize the complex hierarchies and semantic information within
text structures. To address this issue, a novel keyphrase prediction method that enhanced semantic representation ,
called adaptive contrastive learning for keyphrase prediction ( ACL-KP ) was proposed. This method introduced an
adaptive weighting mechanism to dynamically adjust sample weights, to solve the problem of distinguishing true
samples from noise samples during contrastive learning, thereby reducing the impact of misidentifying noise samples
and optimizing spatial representation. Additionally, to increase the diversity of training data, Gaussian white noise
was incorporated to automatically generate some challenging virtual samples, thus enhancing the semantic represen-
tation of documents and keywords. Experimental results on multiple public datasets in the keyphrase prediction field
showed that the model improved performance by 2% to 17% in F1@ 5 and F1@ M metrics compared to current
state-of-the-art models. Compared to sequence-to-sequence models and unified models, the proposed model demon-
strated a more significant performance advantage.

Keywords: natural language processing; keyphrase prediction; multi-objective optimization; contrastive learning;

embedding representation



