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Rules for Inducing Hierarchies from Social Tagging Data Sx s -
H. Dong. W. Wang, and F. Coenen. Transforming Digital Worids, page 345--355. Cham, Springer International

iﬁlj ]\: *,'_T(E:E — Publishing, (2018)
+ *ﬁ% = Abstract

Automatic generation of hierarchies from social tags is a challenging task. We
identified three rules, set inclusion, graph centrality and information-theoretic condition| Wit o bt i b
from the literature and proposed two new rules, fuzzy set inclusion and probabilistic T

association to induce hierarchical relations. We proposed an hierarchy generation T

algorithm, ... (more) _—
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Images in website:
https://www.bibsonomy.org/bibtex/2e41
f059d3b72c2bbfdb0063eaf8772b0
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Coloured version of the Figure in H. Dong, W. Wang, K. Huang, F. Coenen, Joint Multi-Label Attention Networks for Social Text Annotation. In
Proceedings of the 2019 Conference of the North American Chapter of the Association for Computational Linguistics: Human Language Technologies
(NAACL-HLT 2019), Volume 1 (Long and Short Papers), pp. 1348-1354.
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o &4kt XERE (Bibsonomy, CiteULike) F1[a]8iAR;E (51<F Zhihu)
» BURSSIL X, XOEEL Y], AL |V, LR Ave, SN M AP AR L
S Sub, R ERF AR E

Dataset | X | Y| 4 Ave Y Sub
Bibsonomy (clean) 12,101 5196 17,619 1159 101,084
CiteULike-a (clean) 13,319 3,201 17489 11.60 107,273
CiteULike-t (clean) 24,042 3,528 23,408 7.68 141,093
Zhihu (sample) 108,168 1,999 62,519 245 2,655

* 20% £ A ERZL M E¥E, 80% 171043 X4k
© IRE *ETM%EESlmjkL_r_ﬂL SRS Aembedding I K3 EE LS,

* BRI RRAE M Suby, @13 ILACMicrosoft Concept Graphk 1§ (FIFBRSM, F1FiR A
e il ey

« S EEBRAZEEL00; BRiEUE T 2 21100; & KX AKE XFFBibonomy, CiteULike 30043
(A30) |, ®F 10047 (‘aK25)




/|:|7|< (1) — XﬂLI;L’,,:,__\} : J\_J \;ZK

F1 Scores

0.4
0.35
0.3

0.25
0.2
0.15
0.1
0.05
0

JMAN-s- JMAN-s-

LDA  SVM-rbf Bi-GRU tq att JMAN-s  JMAN
m Bibsonomy-F1 0.311 0.307 0.306 0.344 0.37 0.373 0.38 0.385
®m Zhihu-F1 0.056 0.187 0.203 0.208 0.207 0.21 0.211

m CiteULike-a-F1 0.186 0.167 0.14 0.202 0.243 0.241 0.246 0.25
m CiteULike-t-F1  0.174 0.163 0.189 0.203 0.23 0.23 0.246 0.248

mBibsonomy-F1 mZhihu-F1 mCiteULike-a-F1 = CiteULike-t-F1



25K (2) — R TEXIENIN

F1 Scores

0.4
0.35
0.3

0.25 I I I I
0.2 { I I I I . : I
0.15
0.1
0.05
0

Bi- Bi- Bi-
Bi-GRU GRU+si GRU+s GRU+si HAN HAN+si HAN+s HAN+si JMAN- JMAN+ JMAN+ IMAN
m ub msub m ub msub S sim sub

m Bib-F1 0.306 0.31 031 0319 0.344 0.346 0.35 0.35 0.38 0.382 0.385 0.385
® Zhihu-F1 0.187 0.196 0.195 0.193 0.203 0.209 0.207 0.208 0.21 0.211 0.211 0.211
mC-a-F1 0.14 0.156 0.143 0.152 0.202 0.207 0.202 0.209 0.246 0.251 0.249 0.25

C-t-F1 0.189 0.202 0.19 0.203 0.203 0.211 0.219 0.211 0.246 0.247 0.247 0.248

mBib-F1 mZhihu-F1 mC-a-F1 C-t-F1
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Comparison of training time for all models in seconds

SVM LDA Bi-GRU Bi-GRU+s HAN HAN+s JMAN-s-tg JMAN-s-att JMAN-s JMAN
Bib 1107 + 12 110 + 2(1) 1480 + 92 1683 + 78 1164 =52 1434 + 74 1075 = 87 1024 + 100(3) 894 + 55(2) 1138 =+ 86
C-a 1660 4 31 113 + 3(1) 869 4= 288 877 + 57 462 + 63 554 + 45 434 1+ 49 429 + 41(3) 394 + 33(2) 468 + 38
C-t 4796 &= 50 210 £+ 7(1) 1635 41034 1469 £276 858 =100 947 4 115 752 + 52(3) 780 = 69 744 1+ 62(2) 839 = 49
Zhi  overlday 903 £ 31(1) 1455 + 69 2459 +151 1387 =78 2388 275 1220 £+ 81(3) 1275 £ 99 1147 + 44(2) 1712 £ 105

Training time of the three most efficient models are in bold and marked with a ranking index in brackets. BiGRU+s and HAN+s denote the models with
semantic-based loss regularisers.

Bibsonomy Citeulike-a Citeulike-t Zhihu

—a—Bi-GRU 90 —=—Bi-GRU 70 —=—Bi-GRU 20

—e—HAN 80 —e—HAN & —=—HAN
JMAN-s o JMAN-s 60 JMAN-s
JMAN JMAN N\ JMAN
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Fig. 3. Convergence plot: training loss with respect to the number of training epochs for the Bi-GRU, HAN, JMAN-s and JMAN modells2
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on tg title: an information visualization tool for personalized
knowledge work In many fields requires examining several aspects
attain meaningful understanding that IS not explicitly avallable
despite recent advances In document corpus visualization research .
principled approaches which enable the users to personalize the
In this paper . we present information visualization for
Innovative wvisualization tool which employs the personal information model
not only does the tool allow the Users to
exploration and analysis of a document collection . It
the usability of the tool was evaluated and the
It worthwhile to conduct a usability study
prediction: user information visualization information_visualization
labels: user information Interface user_interface semantic social management
ontology  wvisualization personal  information_visualization exploratory semantic_desktop desktop personal_inforr

RERETRAT (Girdititle THIG®MTT) FEMIN TIRENERMA;

AERER ‘o (JRI6AY) M 9" (FR5IF1Y) AFHERNNE, RAXETFEM)THTIRINER
P, BREmARNNERK,

XA T RT 7 PRE4ER (prediction) FIE LAY A A EMAIFRE (labels),
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B ZZERO[5 0 https://github.com/acadTags/Automated-Social- Annotation/tree/master/0%20JMAN/results
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ori_ tg title: chinese culture and an exploratory study
differing characteristics of local environments both infrastructural and socioeconomic
002 O have created a significant level of variation In the
acceptance and growth of ecommerce n different regions of the
016 001 this paper focuses on the Impact of these infrastructural and
socioeconomic factors on ecommerce development n china
the findings provide Insights Into the role of culture n
016 011 | ecommerce , and the factors that may Impact a broader
acceptance and development of ecommerce in china
in this paper , we present and discuss our findings
016 012 , and identify changes that will be required for broader
acceptance and diffusion of ecommerce in china
cultural Issues such as socializing effect of commerce , transactional
031 0.38 and institutional trust , and attitudes toward debt were determined
to be the major Impediments to ecommerce in china
however , our research also shows that , even though
0.16 0.36 their means for payment are different , the most enlightened
, able , and sophisticated consumers in china participate in
prediction: culture e_commerce china chinese
labels: study culture e_commerce china office commerce intercultural_communication chinese
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orl tg title: virtual machines versatile  platforms for systems ;
virtual machine  technology applies the concept of virtualization to an e
machine  compatibility constraints and hardware resource constraints to enable a hi
virtual machines are rapidly becoming an essential element In computer Sy
they provide system security flexibility Cross platform compatibility
efficiency
designed to solve problems In combining and using major computer Sy
technologies play a key role In many disciplines : including opE
for example at the process level virtualizing technologies su
platform  independent network computing
at the system level they support multiple operating system EnviIr
platform and In servers
br br historically : individual virtual machine techniques have been dew
that employ them In some cases they even referred to
In this text smith and take a new approach
a unified discipline
pulling together Cross cutting  technologies allows virtual machine implementations to
a well structured  manner
topics include Instruction set emulation : dynamic program translation and optir
machines including |Java and and system virtual machines for 8
prediction: machine virtual comp  virtualization virtual_machine 15
labels: book machine virtual text_book virtualization
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