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5 PPPLA} 2 5 A 1E BEAT 4 B T4 Tia UL R T SEALAR L,

DR 2 E R LS AT AT FE IR 2 4 E ARk AL —, fEARIRK & HPacific VASTHIN S HI S — i 5, EEMRK
MR (Extreme Scale)¥{E KR M. BHEFIIHREIMTZRATENA T AT AH A A0 FERIEE KRR
BT = AL BRI AT LA AT, T e i F R AL AT AL (In Situ Visualization) R K#FT#, NG RAFEEIEATIL. ELEHERR
AR NESE. K, BERERER-REENTE. BT REZHIEETER 21 K% (Probability Distribution
Functions) i+HIFEHMMA— R _FETE, BEUBENESRBBIRARERRE, JFHEHER. Bddlie. EXETHE
HEHE. DAMMAETB#TERMEFESMERME, T BT BER 85 &R IE 7 A4 3D AT ML AT I 22 B R 2

B EENRT BRI TR L RG], BEEERTHE PR, B EEIEM ML, W{E A Behavioral Lines i = it
MR, PAREREGHEA B B0 TS TEE . DEERE AR B —ANH I AT MR R E R T, Bk
Al 225 X Privacy Preserving Visualization for Social Network Data with Ontology Information.
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T (L) , ODXE GEEM P REKL) , IRELSANER, B34 FREERERRTTR, FHFRETIHT
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IR, BEAFHR 3k 25 AR 3136 B B R AR () PR A 453X b T B AR T AR B R U N R . Weiskopf #U3R — 7 H#8 HH T IR 3)
BEEARERFHAFMIER, WHEBHARPR2OAERTRSTAEN. SEARTEERBEMNSRAESEATE, ZHEARR
ARHRAFEREANSAER. H—H, NART s e o iR R#EEN (RE) RalBEREEMMEL. Kb, RN
Wi R 44 5 555 Space-time cubeflizk B 7ni2: LA K Map display#ids Sonik;  Wish o A FE B IR ShE BE e, siEX (AOD « W
BB (Scan Path) FEEE R (Fixation) %, Weiskopf #Z W4 ANBT Hoth k. EL#EBESE KR Visual Analytics
Methodology for Eye Movement Studies .

BJ5, Weiskopf #i% 84518, UL EFMRSNBEEAT & A desk, W CATRYE R —Fh“VisdVis" 5 iE——BP“H T -4 al AL AE & i aT A0
k. (Visualization for visualization) ”. XF# AT ¥4k 25 B 51 RS BB # 5 LRI 5, B A A B2 AR R 5 £ B o3 Z 7 M IR AL
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SketchStory T H.: i B HFL YRR ER I B K F

3k B UK 7C BT IBongshin Leetd + B30T B i bk #UIR S M IR OB WA BERTMAEBISIN, NBT ERENE
(storytelling) 75T H20124E LIS B SHF 5T . 7E 11 3C 2 More than telling a storyd, 25 H T X3 $dE k% (visual data story) K
EX, MEH=KER: HBHERF. URRER, UAKFRBZAKEEXR: MRENENTENERELE, wEsE, sk
WX =AM BCR AL AR

H—7J5TH, Leet L BAANATHEMFF RN, JURKFEBHENFHMEMETR.: SketchStory % AR3NE (Whiteboard Animation) &7~
FHRIER, RH—FE A EE R TR L HSERRORFSR TR, HBRATARNS 5K DataClips £AIEE WAL BRI
WEISGME TR, @EX AL R IRE74NBIEH BAIEAT 0T, BSLEER EAMELE, MEaWmsEREES T EF, HEe
RGBS ENE; Timeline Storyteller 2 A i /] £ M AU E T B, FIF T %2004 3K F 26 AT ALK 8 45 Je AR R B i K

A UELR IR . BERE T RKMstorytelingdy APk : SR WMABEKENRRIBIASE: V7 B8R 31 Em TR,
B SWER AR B, BARKR EARLR fEstorytelling B S H «
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Virtual Retractor: #HETFYHTEKZ LRABERERRSA

R BARZARIMN SR H AT ARG/ BR ] T Virtual RetractoriX i BIHT KIAZ E ABHERR R,  ERIESERHAE K ZAE_Ex T ar b7
Y, MR RFHE PTG 3D 2 8] sh A AR I F O ) R 1% R4 K M Retractorffaia, VR PG UIEIM S EIEHrik—R, BH#E
BAFRRENE . XA FRE S R U E AN (tetrahedral mesh) ZEFE R B Y1 #1574 Y] D K47 . EIHRIET KT
R, VAP RS ERBOER NI . K, PI#E (mesh) MMEER T RMEEREE, WRMEEETERHE. Fi, 2%
BRI BER BN . BEREUR R ENXEENRE, ®RE, mREERENXEE2ZR. AT, A RS
P& P BB OSBRI R
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David Ebert##Z £ AT E R, EAFERZE. EHE . AEREESSTRAAE HXM ST TIE. AREHS, hEkRds
TRATE WG AR IRYEERE, WERYE. FIREERRE. K. NDBIESRE, a7 T B ) KT R
(Application-driven research) , XFEREH SR K AMB B TR, W B BFTREM AT SEME LSRR EEIE.

EX A HATREN )G, MAHT AWLE1E# it Human Computer Collaborated Design (HCCD), XFa A& AR SHENEH
MRF . FEVIE, FEEBOUSEIRBRER T BT — RIS TR AR GE. 248, RESHEEHHNETF (7S RbE
RIRIRE) o MR3RIA, WA TREMEIA. RAANMEES, MARERANIIE. &5, MENBIEMERRESS . KK 41T
(Risk Visual Analytics) . B BATM 4 (Causality Visual Analytics) LUK VR/VAZE & AT ALAL & # S AE R BET T 118 IER st
VRVATER} % R LA PSR AT SR E R MBS, (BEF AT X RBARMMERE, s s 5.
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Hong#d% & H & 15 35 32 ) J&I T AR AL A Y

BRSSP B2 I S0 WEIRIKIG TP A B R R EL B, THongBER A B P A A B SEE (Faithfulness) RIRFEILIRK &
hZ RBHAREIEE 5, TERh R BERBEN RIS, ME ORI, FERERM TN, HEEE KBEE AR
HRiE, JRARPEETERNEE, FBASERESENEER T TER, S E BT BAL K3 R PAS B A6 R B
%o

T2, fbfietxt KERE TR (Faithfulness) #8#5, BHEIE=KE5, Information faithfulness (B Bxi {5 B RIHI B LM |
Task faithfulness (B RXTESHISZ#7E) FChange faithfulness (B J& X R ML KBURE) ; RRRE TETRROERS
7% (Shape-based Metric) kit H Task faithfulness, ELiAITSZIIERA TIXFOFVERE St H %715 M ERILRAHE R ZEA T
TR RS (Faithfulness) 44, AR ESZMSAHEMHIHE, #ESHEHRL: Towards Faithful Graph Visualizations .
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Interaction+ &A% H AL 1H

RANER QB K TR FE20165E ChinaVis{E iR & i gt 51 ABRER,  TC 75 gn A2t REHs M 2% _E 3L B AT MLALAE i B2 s Bh A5 T 32
B, XA BT R E TR R R E TAERENES. WS, XATEAMUEEE 3R A B TR & b A5 B o
FIBRHGER, REXERAAREEITEIE. REMEH, EREM AR TR R ERMBImGETE R, B, ThHE%
ZH.

FoSe P R B AT N TR HTMLSC R R R (DOM),  3F5FSVGIE R AT IREURERAE, FbiZ T A& FAEMM T _LKSVGH AL
i, ATUREFREBSHNEFETURZARKEENEEE. EEALRIRERILANTIER R, S TE#T THERE
N, PUARVE AL KR A ARSI E: “LERTALALShHE Sk W 71 32 B T HInteraction+ .
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SwiftTunam B KA 4T 4b 2R i 72

K BB /R E LK HJaemin JoE S 04T T 83 KMEEERE X E AR R IR R (LR o BRKTEREREERE ik (data
cube) EFMLEEELM, KESGHHIEIHFROMCERWN. R, HTEATYRRSER, ZMTREEARENNE, BEER
B 06 250 B B M A S O 5 A BT EE B I BA R E S EC246 B, I HAE T Sparkiiii AL B 7 K, FFR T8 T R & 45
WAL AT R A SwiftTuna. AT SCRFMARNE#), SwiftTunafl BT, SLRIRGUERE N (BRI PROENN) BLRSER K &R
HWAR (BRI o ZRASFNFIESHAMLKICFMA0N 4K R SLHIRRK LN HRER, HIGEm N EN O L8 . A

RSEBLVE L8 3C: SwiftTuna: Responsive and Incremental Visual Exploration of Large-scale Multidimensional Data.
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VIZ. ISSUES IN AR

Characteristics of AR How it might affect the “utility” of visualization

Resulting augmented imagery might not be natural
B Does not look 3D,

B Does not look in the right place
B Does not have the right affordance or metaphor

Data insertion into 3D world L

B Registration error is too large

® Target data may be occluded
® Augmentation may be occluded
Dynamic background @ Augmentation may not be clearly visible
@ Augmentation may disappear
Unchangeable target data @ Difficult to proper place the qugmentation
(i.e. real objects fixed in place) ® Difficult to represent structure of the collective target data
@ Difficult to determine the proper size of augmentation
U o gty e
Target data with spatial contexts ~ ® Augmentation may occlude the context (néjibﬁli}oi’ﬁ'gj%ﬁi'ejgs)

Kim# 2 45 KIAR A IR AT AL RCR [

BEEARB ARG, ARETTHLKISE & HBA T TG 37 # s . Gerard Jounghyun Kim#4% & Z MARSIIEF 5L & A B, 4
ETFARTTHAL KB E . KImBURINAART] DLBALA — AR IR O BOIE FT AL, HEEAUA S8R, CaFE T HEMERE: BT
ARIIRFIR B, 7ESLIUE B FTARAL AT S T — SR (K 1) R, S KimBER B EMIRE TARTAL I =A FZHER, B (1) BR
B - Naturalness, (2) ®JJLEE - Visibility, (3) #AM:/F&5E 1 - persistance/stability.

BREROEEBENTESH P AL FKARER R 8, MERRRERFE. MURBRMER. SENZRXAEE. TR
FERBRRAE BRI ILE, Flnsgss B irErEn. FIREEEHERE BB, FHRSIEMEEMRRESE. FAENR
BRI BN RFTRE, B TEREESKE. KmBEZ RS RIEE RIS o], fi8 AP EEE R RN TR S

ik, RESGEEBUL, BHERBE.

B, KimBERIE T ARG — B Ap A i) 1R R DA A B R R TT 1), ISR E (I ERREE . ReERTAE) - =K
EORBEARHERISIE, DA R B R AT AR S

Jaid

L EABRRXEEES MV N EUBXNE, SR LBHHN — LXK, RTREREARSERHEIEASE, mR
BB USERRENSWIHE . E2HFHASHILHEKEAUMMTARTHRIICE GERMR: 2F00) , K0h %
AL R BARBROBESE T ZRIICE, Rk ARG,



HTSWARHUEER, BAFZEEFLRRBHARNEL T, REEFESEIBRTSET KERR, 7 RFEEGRREAE
Wiy, EZ AW, WYGEREFRIE. B!
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BREMELHI R TH:

o HLEZEIJMMBEIANA | Kantarfs B2 £2015F K ELE M, DIERRX IS ILMALTEREMEIE, £ RIS
RIEASE SIS EER, A (B4 FXR. (http://mww.informationisbeautifulawards.com/showcase/743-a-visual-

introduction-to-machine-learning)

o Ziil A | DU B Hidk (Hans Rosling) 5 4 ) — REVE, 7E 4 2480, A 12 JTAEEE MR 200 MEXR 200 EMRE, B
IR,  (http://v.youku.com/v_show/id_XNTMOODg3ODg4.html?from=s1.8-1-1.2&spm;=a2h0k.8191407.0.0)

o FIMMMBENFEREA | BUER —RMLERMEIE RS, B H A Emerging and Recurring Data-Driven Storytelling Techniques:
Analysis of a Curated Collection of Recent Stories. Chttps://www.microsoft.com/en-us/research/wp-content/uploads/2016/04/MSR-TR-
2016-14-Storytelling-Techniques.pdf)

e Sketchinsight fll SketchStory | XMESREL T HIEME+, WMARZIENCMETRNESMEMH: EHATMFRSE, FEH

FRARWEE. (https://www.microsoft.com/en-us/research/video/sketchinsight-telling-stories-with-data-via-freeform-sketching/)

o DUATHERIVRIN—4 (E3IAR), BHH < R R1ZR | BEANIS T8 2 T AL B SE8, 40 3SR A T 40 BOAR JR 0l 4k A
JA. Chttp://mww.huffingtonpost.com/wait-but-why/your-life-in-
weeks_b_5366289.html, https://labs.coruscantconsulting.co.uk/life/weeks/, http://www.slow-journalism.convsj-site/wp-

content/uploads/2012/03/Arab-Spring-timeline.jpg)
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Timeline Storyteller {3 F 241

o BFRIRIEF B | 45T 26350 A M 2R B TR, 3R T H BOHAT R R ZRAVF M k21, BFERERE, MENHRX=
ANRB14F BT TR, ULRFTRII20MAE TR,  (hitps://timelinesrevisited.github.io/)

K HRAR v 4 B3 T AL

e imMens (2013) | SR B HTIEAR KR Y., 430 RIUBHEE 1 St T AAL R R TR . FFUE[Github], BARSEIS Wik
[PDF]. (http://vis.stanford.edu/papers/immens, https://github.com/uwdata/imMens, https://sfu-db.github.io/cmpt884-
fall16/Papers/immens.pdf)

e Nanocubes (2013) | =MK% A%, ETHIELH1E (datacube) , THLZERE. LHENTHEHZHBEOTTE. FE
[Github], H#RHLAPI, B kIS Wik [PDF]EAL KAH R 1E

. (http://nanocubes.net/, https://github.com/laurolins/nanocube, https://github.com/laurolins/nanocube/blob/master/APl.md, http:
%E5%AF %B9%E6%97 %B6%E7 %A9%BA%ES %95 %B0%E6%8D%AE%ET %9A%84 %E4%BA%8BY%ES %AE %IE%EG %8E %A2%ET %B4¢

nanocubes-for-real-time-exploration-of-spatiotemporal-datasets/>
4 m | r

® Hashedcubes (2016) | $#2 i} T tLERA KAEEE SER AR R BORE R M 777, JHE[Github], 7288810
PDF. (http://hdc.cs.arizona.edu/papers/infovis_2016_hashedcubes.pdf, https://github.com/cicerolp/hashedcubes)

e Gaussian Cubes (2016) | BRHashedcubes —# &K B WH| R KZ M R, EIEHAWER BN T &/ ZFiEM E 55
WEER N S R, MR AW CPDF. (http://hdc.cs.arizona.edu/papers/infovis_2016_gaussian.pdf)

A AT ¥4k (In Situ Visualization) :

o RABEHE AT ARG | SR B AL HOR S AT A4 5 AT A5 A 18 2 B 3 R 4 3
. (http://vis.pku.edu.cn/blog/%E5%A4%AT %EB%AT %84 %EE %AB %A1 %E6 %95 %B0%EE %8D %AE%ES%BF %AF %ES%AT %86 %E5

large-scale-data-visualization/)

4 | 11 | 3

o mEtEREIFEEEMATW | - EBHEIR T20165 P EATMMA KRS B, WEAMATHM (n Situ Visualization) AR K H Py &t e T BB 5T
PURIIANA . (http://chinavis.org/2016/chengdu_summit/ChinaVis_Summit_Chengdu_20160605_SikunLi.pdf)
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