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 3ԯਓ͕ར༻͍ͯ͠Δɽ͜ͷΑ͏ͳڊେͳιʔγϟϧωοτ

ϫʔΫΛɼϢʔβΛϊʔυɼϢʔβؒͷؔΛΤοδͱͨ͠ά

ϥϑߏͱͯ͠ղੳ͢Δ͕ڀݚΜʹߦΘΕ͍ͯΔ [1, 2]ɽ

͔ͭશମͷτϙϩδ͕ෆنେߏେͳάϥϑڊͨ͠͏ͦ

໌ͳ߹͕ଟ͘ɼαϯϓϦϯάʹΑΓશମͷ౷ྔܭΛਪఆ͢Δ

Έ͕ͳ͞Ε͍ͯΔࢼ [3, 4]ɽαϯϓϦϯάͷख๏ʹओʹϥϯ

μϜΥʔΫ͕༻͍ΒΕ͓ͯΓ [5–7]ɼͦΕʹ͍ͨͮجਪఆΞ

ϧΰϦζϜͷ͕ڀݚΜʹ͞Ε͖͕ͯͨɼਪఆͰ͖Δओͳ౷ܭ

ྔϊʔυɼ࣍ɼΫϥελͳͲہॴతͳใ͔Β

ΒΕΔͱ͍͏͕͋ΔɽݶʹྔܭͰ͖Δ౷ࢉܭ

ͦ͏ͨ͠தɼਪఆ͕༰қͰ͋Δہॴతͳ౷ྔܭΛೖྗͱͨ͠

ੜϞσϧʹΑΓੜ͞ΕͨάϥϑΛ༻͍ͯɼଞͷਪఆ͕ࠔ

ͳ౷ྔܭ·ͰΛਪఆ͢Δ 2.5KάϥϑͷੜϞσϧ͕ Gjoka

ΒʹΑͬͯఏҊ͞Εͨ [8]ɽ͜Ε dK-seriesͱݺΕΔϥϯμ

ϜάϥϑੜϞσϧͷΈ ΓɼdK-seriesͰ͓͍ͯͮجʹ[9]

࣍ͷ֬Λೖྗͱͯ͠༩͑άϥϑΛੜ͢Δɽϊʔυ

ͷͷ࣍ͱ࣍ʹґଘ͢ΔΫϥελΛೖྗͱͯ͠ੜ

͞Εͨ 2.5Kάϥϑ͕ɼ࣮ݱͷωοτϫʔΫΛΑ͘฿Ͱ͖

Δ͜ͱ͕ࣔ͞Ε͍ͯΔ [8]ɽ

2.5K άϥϑͷੜϞσϧͰੜ͞ΕͨάϥϑɼେҬతʹ

ఆٛ͞Εͨ౷ྔܭߴਫ਼ʹਪఆ͢Δ͜ͱ͕ՄͰ͋Δ͕ɼϥ

ϯμϜʹάϥϑΛੜ͢Δಛ্ɼಉ͡ೖྗͰɼೖྗҎ֎ͷ

౷͕ྔܭੜ͝ͱʹҟͳΔάϥϑ͕ੜ͞ΕΔɽੜ͞ΕΔά

ϥϑɼೖྗ͢Δ౷ྔܭҎ֎ʹ͍ͭͯɼੜ͞ΕΔ͝ͱʹେ͖

͘Βͭ͘ͷ͔ɼ·ͨৗʹҰఆͷൣғʹऩ·Γ৴པͰ͖Δͷ

͔ͱ͍͏͜ͱ͕໌Β͔Ͱͳ͍ɽ
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ද 1 ه ๏

G(V,E) ॏΈͳ͠ͷແάϥϑ

V,E ϊʔυू߹ɼΤοδू߹

Vk ͕࣍ k ͷϊʔυͷू߹

n,m ϊʔυɼΤοδ

vi G ͷϊʔυ

di ϊʔυ vi ͷ࣍

d̄ G ͷฏ࣍ۉ m
n

ci ϊʔυ vi ͷΫϥελ [10]

c̄ G ͷฏۉΫϥελ [10]

c̄(k) ͕࣍ k ͷϊʔυʹ͓͚ΔฏۉΫϥελ [11]

ຊڀݚͰɼ࣮ࡍͷωοτϫʔΫͷσʔληοτʹରͯ͠ɼ

dK-seriesʹͮ͘جੜϞσϧΛ༻͍ͯଟͷάϥϑΛੜ͠ɼ

ੜ͞Εͨάϥϑͷ֤౷ྔܭͷਫ਼৴པੑɼ࣮ؒ࣌ߦʹ͍ͭ

ͯൺֱɾͨ͠ߟɽ͞Βʹɼ৽ͨʹ࣍ͱΫϥελΛ

ೖྗͯ͠άϥϑΛੜ͢ΔϞσϧʢ1K+ʣΛఏҊ͠ɼͦΕʹͭ

͍ͯಉ༷ʹൺֱɾͨ͠ߟɽ

2 ४ උ

ຊจͰɼϊʔυͷू߹ V ͱΤοδͷू߹ E ʹΑͬͯఆ

ٛ͞ΕΔάϥϑߏ G(V,E)ΛऔΓѻ͏ɽຊߘͰѻ͏άϥϑߏ

ॏΈͳ͠ɼແͰ͋Γɼଟॏลͱࣗݾϧʔϓ͕ͳ͍ͷͱ

͢Δɽ

ද ๏Λ·ͱΊͯࣔ͢ɽهʹ1

2. 1 ؔ ࿈ ݚ ڀ

Erdős-RényiϞσϧ

Erdős-RényiϞσϧʢERϞσϧʣ 1950ऴΘΓʹಋೖ

͞ΕͨϥϯμϜάϥϑϞσϧͰ͋Δ [12]ɽ

ERϞσϧʹɼG(n,m)ϞσϧɼG(n, p)ϞσϧͱݺΕΔ

2छྨͷϞσϧ͕͋ΔɽG(n,m)Ϟσϧɼnݸͷϊʔυͱm



ຊͷΤοδΛͭάϥϑͷू߹ͷத͔ΒҰ༷ϥϯμϜʹબ͢

ΔϞσϧͰ͋Δɽରͯ͠ɼG(n, p)Ϟσϧɼಠཱʹ֬ pͰ

֤ͷϖΞʹରͯ͠ΤοδΛߏங͢ΔϞσϧͰ͋Δɽ͢ͳΘ

ͪɼG(n, p)ϞσϧͰظ͞ΕΔΤοδͷຊ
(
n
2

)
pͱͳΔɽ

ERϞσϧʹΑΓϥϯμϜάϥϑΛੜ͢Δओͳಈػɼಉ

͡ϊʔυ nɼΤοδmΛͭ࣋άϥϑ͕ҰൠతʹͲͷΑ͏ͳ

ੑ࣭Λຬ͔ͨ͢Λ͢ূݕΔ͜ͱͰ͋Γɼ࣮ݱͷωοτϫʔΫΛ

฿͢ΔϞσϧͱͯ͠ेͰͳ͍ɽG(n,m)ϞσϧͦΕͧ

ΕͷΤοδΛுΔ͕͍֬ޓʹಠཱͰͳ͍ͨΊɼҰൠతʹ

G(n, p)Ϟσϧ͕Α͘ΘΕ͓ͯΓɼG(n, p)ϞσϧͰ௨ৗ p

Λ nͷؔͱΈͯ n → ∞ʹ͓͚ΔߏΛ͑ߟΔɽ

ίϯϑΟάϨʔγϣϯϞσϧ

ఆͨ͠ϥϯμϜάϥϑͷੜϞσϧΛίϯϑΟݻΛ࣍

άϨʔγϣϯϞσϧͱݺͿɽίϯϑΟάϨʔγϣϯϞσϧ

1970͔Β͞ڀݚΕ͓ͯΓ [13–21] ɼ͜͜ͰɼNewman,

Strogatz and Watts ʹΑΔΞϓϩʔνΛ༻͍ͯϞσϧΛద༻

͢Δ [22, 23]ɽ

di · · · dn ಠཱͰ P (di = k) = |Vk|
n Λຬͨ͢ͱ͢Δɽϊʔ

υ nͱ࣍ P (di = k)Λೖྗͱ͠ɼϊʔυ vi ͔Β di ຊ

ͷล͕ग़͍ͯΔͱ͠ɼϥϯμϜʹ 2 ͭͷลΛબΜͰ͗ܨ

ΤοδΛߏங͢Δɽ

͜ͷߏํ๏Ͱଟॏลࣗݾϧʔϓ͕ੜ͞ΕΔՄੑ͕

͋ΔɽଟॏลࣗݾϧʔϓΛճආ͢ΔͨΊͷΞϧΰϦζϜఏ

Ҋ͞Ε͍ͯΔ [24]ɽ

dK-series

PriyaΒʹΑͬͯఏএ͞Εͨ dK-series [9]ɼ͋Δάϥϑʹ

͍ͭͯɼͦͷ͏ͪ dݸͷϊʔυ͔ΒͳΔ࿈݁ͳ෦άϥϑʹ͓

͚Δશͯͷ࣍૬ؔΛಛఆ͢Δ֬ P (k1, k2, · · · kd)Λ༻
͍ͯɼάϥϑΛܥ౷తʹಛ͚ΔΈͰ͋Δɽ

0KάϥϑͰɼάϥϑ Gͷ࣍ฏۉ k̄ͷΈΛݻఆ͢Δɽ͢

ͳΘͪɼલड़ͷ Erdős-Rényi Ϟσϧʹ͓͚Δ G(n,m) Ϟσϧ

͕૬͢Δɽ

1Kάϥϑɼϊʔυͷ࣍ P (k)͕༩͑ΒΕͨάϥϑͰ

͋Γɼલड़ͷίϯϑΟάϨʔγϣϯϞσϧʹΑͬͯੜͰ͖Δɽ

2K άϥϑɼάϥϑ G ͷ֤Τοδ͕Ͳͷ࣍Λͭϊʔ

υಉ࢜Λ͍ͩܨͷ͔ΛɼJoint Degree DistributionʢJDDʣ

P (k1, k2) ͱͯ͠ಛఆ͠ݻఆͯ͠ੜ͞ΕΔɽ͜ΕίϯϑΟ

άϨʔγϣϯϞσϧͷ֦ுʹΑ࣮ͬͯݱͰ͖Δ [9]ɽଟॏลͱ

ϧʔϓΛճආͨ͠ݾࣗ 2KάϥϑͷੜϞσϧ IsabelleΒʹ

ΑͬͯఏҊ͞Ε͍ͯΔ [25, 26]ɽAlgorithm 3 ʹੜΞϧΰϦ

ζϜΛࣔͨ͠ɽ

3K άϥϑɼਤ 1 ʹࣔ͞ΕΔΑ͏ͳ෦άϥϑͷ

P∧(k1, k2, k3)ɼP△(k1, k2, k3)Λݻఆ͢Δɽ

d͕૿͑Δͱ෦άϥϑͷछྨ͕૿͑Δɽਤ 2ʹࣔ͢Α͏ʹɼ

ϊʔυ nΛ༻͍ͯ nKάϥϑΛఆٛ͢Δͱɼ͜Ε฿ͨ͠

͍ωοτϫʔΫͷάϥϑ GͱҰக͢Δɽ

Priya ΒɼdK-randomizing rewiring ͱݺΕΔɼΤοδ

Λ֤ dKͰಛ͚ΒΕΔൣғͰϥϯμϜʹަ͢Δํ๏Λ༻

ਤ 1 3 ϊʔυͷ࿈݁ͳ෦άϥϑ

ਤ 2 dK-series ͷ֊

͍ͯɼͱͷάϥϑͷ౷ྔܭͱൺֱ͍ͯ͠Δɽd = 2Ͱ΄ͱΜ

Ͳͷ౷ྔܭΛɼd = 3Ͱ΄΅࣮ʹશͯͷ౷ྔܭΛݱ࠶Ͱ͖

Δ͜ͱ͕ࣔ͞Ε͓ͯΓɼҰํ d͕૿͑Δʹ͕ͨͬͯ͠ dKάϥ

ϑੜʹ͔͔Δࢉܭͷෳٸ͕͞ࡶʹ૿େ͢Δ͜ͱ͔ͬͯ

͍Δ [9]ɽ

·ͨɼ֬Λೖྗͱͯͦ͠ΕΛຬͨ͢άϥϑΛੜ͢Δ

͜ͱɼ3KҎ্Ͱ࣮ݱతʹࠔͰ͋Δ [9]ɽ

2.5Kάϥϑ

Gjoka ΒɼେنͰશମͷτϙϩδ͕ෆ໌ͳιʔγϟϧ

ωοτϫʔΫͷΑ͏ͳάϥϑߏʹ͓͍ͯɼαϯϓϦϯάʹ

Αͬͯߴਫ਼ʹਪఆͰ͖Δ౷ྔܭΛೖྗͱͯ͠άϥϑΛੜ͠ɼ

ਪఆ͕͍͠౷ྔܭ·Ͱ͢ݱ࠶ΔࢼΈΛఏҊͨ͠ɽ

Gjoka Β dK-series ʹै͍ɼ2K άϥϑʹ͓͚ΔೖྗͰ͋

Δ JDDʹՃ͑ɼฏۉΫϥελ c̄ݻఆͨ͠ 2.25Kάϥϑɼ

·ͨɼ࣍ʹґଘ͢ΔΫϥελ c̄(k) ΄ͱΜͲݻఆͨ͠

2.5KάϥϑͷੜϞσϧΛࣔ͠ɼਫ਼ʹؔͯ͠ 2Kάϥϑͱൺ

ֱͨ͠ɽ·ͨɼߴਫ਼ʹ JDDͱΫϥελΛਪఆ͢Δํ๏

ఏҊͨ͠ [8, 27]ɽ

2.5K άϥϑɼ1) 2K άϥϑͷੜΞϧΰϦζϜʹ͓͍ͯ

શͯͷϊʔυʹҐஔΛࣔ͢ΛׂΓͯɼશͯͷϊʔυϖΞΛ

ͦͷۙ͞ʹΑͬͯιʔτ͢Δ͜ͱͰܗ֯ࡾͷଟ͍άϥϑΛੜ

͠ɼ2)ಉ࣍͡Λͭ࣋ 2ͭͷϊʔυ͕ͭ࣋ɼҟͳΔ 2ຊͷΤο

δΛ JDDΛຬͨͨ͠··ுΓସ͑Δ͜ͱͰΫϥελΛݮ

Β͢ɼͱ͍͏ 2ஈ֊ʹΑͬͯੜ͞ΕΔɽ

͜͜Ͱ 2.5Kάϥϑ͕ɼੜͷݻʹࡍఆͨ͠౷͚ͩྔܭͰ

ͳ͘ɼۃେΫϦʔΫҎ֎ͷ෯͍ओཁͳ౷ྔܭʹ͍ͭͯ

ඪͱ͢ΔάϥϑͱࣅΔ͜ͱ͕ࣔ͞Ε͍ͯΔɽ͔͠͠ɼϥϯμϜ



άϥϑͱͯ͠ͷੑ্࣭ɼੜ͝ͱʹҟͳΔάϥϑ͕ੜ͞ΕΔ

͕ɼͦΕΒ͕ͲͷఔͷΒ͖ͭΛͪ࣋ɼҰੜ͞Εͨͷ

͕Ͳͷఔ৴པͰ͖Δͷͳͷ͔ʹ͍ͭͯ͞ٴݴΕ͍ͯͳ͍ɽ

ΫϥελݻఆͷϥϯμϜάϥϑ

JDD ͱ࣍ʹґଘ͢ΔΫϥελ c̄(k) Λݻఆ͢Δ 2.5K

άϥϑʹରͯ͠ɼΫϥελΛݻఆ͢ΔάϥϑੜϞσϧʹ

͍ͭͯͷڀݚଟ͘ͳ͞Ε͍ͯΔɽ

SerranoΒ [28]ɼେ͖͘ͳ͍Ϋϥελʹ͍ͭͯɼ࣍

ʹґଘ͢ΔΫϥελ c̄(k)ͱ࣍ P (di = k)Λຬͨ͢

ϥϯμϜάϥϑͷੜϞσϧΛఏҊͨ͠ɽ

·ͨɼWang [29]ʹΑΕɼ༩͑ΒΕͨΫϥελΛຬͨ͢

άϥϑੜϞσϧBansalΒ [30]ɼNewman [31]ɼGleeson [32]

ͳͲʹΑͬͯఏҊ͞Ε͍ͯΔɽ

BansalΒฏۉΫϥελ c̄ΛɼNewmanҰͭͷΤο

δ͕ෳͷܗ֯ࡾͷੜʹΘΕͳ͍ݶΓϊʔυͦΕͧΕͷΫ

ϥελ ci ΛɼͦΕͧΕຬͨ͢άϥϑΛੜ͢ΔϞσϧΛఏ

Ҋ͠ɼGleeson  Newman ͷੜϞσϧͷ੍ʹண͠վળ

ͨ͠ϞσϧΛఏҊͨ͠ɽBansalΒͷੜϞσϧҎ֎ɼ࣍

Λಉ࣌ʹຬͨ͢͜ͱ͕Ͱ͖ͳ͍ɽ

3 ੜάϥϑͷࠩޡͱͦͷΒ͖ͭ

Λೖྔܭ౷ͨ͠ࢉܭͷωοτϫʔΫͷσʔληοτ͔Βࡍ࣮

ྗͱͯ͠ɼdK-series ੜϞσϧΛ༻͍ͯϥϯμϜάͮ͘جʹ

ϥϑΛෳੜ͠ɼੜ͞Εͨάϥϑͷ༷ʑͳ౷ྔܭʹ͍ͭͯ

σʔληοτͱൺֱ͢Δɽ

3. 1 ࣮ ݧ ४ උ

ຊ࣮ݧͰɼτϙϩδͷҟͳΔද 2ͷ 3ͭͷσʔληοτΛ

άϥϑͱͯ͠ѻ͏ɽΔɽશͯͷσʔληοτΛແ͢༺

0KάϥϑɼPythonͷωοτϫʔΫɾάϥϑղੳͷͨΊͷ

ϥΠϒϥϦ NetworkXʹ͓͚Δؔ gnm random graph() [33]

Λ༻ͯ͠ੜ͢Δɽ1KάϥϑɼAlgorithm 2ͷ௨Γ࣮͠

ͨΞϧΰϦζϜΛ༻͍ͯੜ͢Δɽ2KάϥϑɼGjokaΒʹΑ

ΔιϑτΣΞ [34]ʹ͓͚Δ construct simple 2K()Λ༻͍

ͯੜ͢Δɽ2.5KάϥϑɼGjokaΒʹΑΔιϑτΣΞ [34]

ʹ͓͚Δ construct triangles 2K()ɼmcmc improved 2 5 K()

Λ༻͍ͯੜ͢Δɽ

ੜ͞Εͨάϥϑͱݩͷάϥϑͷ౷ྔܭͷൺֱࢦඪͱͯ͠ɼ

2 ͭͷࢄతͳͷࠩޡΛൺֱ͢ΔɼNMAEʢNormalized

Mean Absolute ErrorʣΛ༻͍ΔɽNMAE ͷఆٛҎԼͷ௨

ΓͰ͋Δɽ

NMAE(̂⃗x, x⃗) =
∑

(|x̂i − xi|)∑
xi

͜͜Ͱɼ̂⃗xೖྗʹ༻͍ͨσʔληοτͷ౷ྔܭͷࢄɼx⃗
ੜ͞Εͨάϥϑͷ౷ྔܭͷࢄʹରԠ͢Δɽ

·ͨɼຊ࣮ݧද 3ʹද͢௨ΓͷڥͰ࣮ͨ͠ߦɽ

3. 2 ࣮ ݧ ख ॱ

֤σʔληοτʹର͠ɼҎԼͷ࣮ݧΛ͏ߦɽ

ʢ 1ʣ ϊʔυɼΤοδɼ࣍ɼJDDɼ࣍ʹґଘ͢

ද 2 σʔληοτ

Dataset ϊʔυ n Τοδ m ฏ࣍ۉ d̄ ฏۉΫϥελ c̄

Caltech [35] 769 16 656 21.65 0.409

Rice [35] 4 087 184 828 45.22 0.294

wiki-Vote [36] 7 115 100 762 14.16 0.141

ද 3 ࣮ ݧ  ڥ

OS macOS Mojave 10.14.5

ϓϩηοα 2.7 GHz Intel R⃝ CoreTM i7

ϝϞϦ 16 GB 2133 MHz LPDDR3

ޠݴ
Python 2.7.10ʢ2Kɼ2.5K άϥϑͷੜʣ

Python 3.6.3ʢͦͷଞͷάϥϑͷੜʣ

ΔΫϥελͷΛ͢ࢉܭΔɽ

ʢ 2ʣ ͦΕͧΕͷϥϯμϜάϥϑੜϞσϧΛ༻͍ͯ 100ͣ

ͭάϥϑΛੜ͢Δɽ

• ϊʔυͱΤοδΛೖྗͱͯ͠ 0KάϥϑΛ 100ੜ

͢Δɽ

• Λೖྗͱͯ࣍͠ 1KάϥϑΛ 100ੜ͢Δɽ

• JDDΛೖྗͱͯ͠ 2KάϥϑΛ 100ੜ͢Δɽ

• JDD ͱ࣍ʹґଘ͢ΔΫϥελͷΛೖྗͱ͠

ͯ 2.5KάϥϑΛ 100ੜ͢Δɽ

ʢ 3ʣ ੜ͞Εͨάϥϑʹରͯ͠ɼҎԼͷ౷ݩ͍ͯͭʹྔܭ

ͷσʔληοτͱͷࠩޡ NMAEΛ͢ࢉܭΔɽ

• ڑ࠷

• େΫϦʔΫۃ

• αΠΫϧ

• ϥϓϥγΞϯྻߦͷݻ༗্Ґ ͷʢεϖΫτϧʣݸ20

• ۙத৺ੑ

ʢ 4ʣ Δɽ͢ߟ͍ͯͭʹͷࠩޡ

3. 3 ࣮ ݧ ݁ Ռ

౷ྔܭͷɼࠩޡͷɼ͓Αͼάϥϑੜʹ͔͔Δ࣮ߦ

ධՁ͢Δɽ͍ͯͭʹؒ࣌

3. 3. 1 ౷ྔܭͷ

Caltechͷσʔληοτͱ͔ͦ͜Βੜ͞Εͨάϥϑʹ͍ͭ

ͯɼ্ ه 5ͭͷ౷ྔܭͷΛϓϩοτͨ͠ͷΛਤ 3ʹࣔ͢ɽ

ͦΕͧΕͷਤதͷઢ͕ඪͱ͢Δάϥϑͷ౷ྔܭͷΛ

ϓϩοτͨ͠ͷͰ͋Γɼଞ͕ੜ͞Εͨ 100άϥϑͷ౷ྔܭ

ͷΛϓϩοτͨ͠ͷͰ͋Δɽ౷ྔܭʹΑͬͯɼdKͷ

d͕૿͑Δ΄Ͳɼઢͷʹ͕ۙͮ͋͘Δ͜ͱ͕͔Δɽ

3. 3. 2 ͷࠩޡ

CaltechɼRiceɼwiki-Voteͷ 3ͭͷσʔληοτ͔Βੜ͞

ΕͨάϥϑͦΕͧΕʹ͍ͭͯɼ্ه 5ͭͷ౷ྔܭͷࠩޡͷ

Λϓϩοτͨ͠ͷΛਤ 4ɼ5ɼ6ʹࣔ͢ɽ

Ͳͷ౷ྔܭͰɼࠩޡͷΒ͖ͭੜϞσϧʹΑΒͣখ͞

͘ɼಛʹ 0KͲͷ౷ྔܭʹ͍ͭͯඇৗʹΒ͖͕ͭখ͍͞

ͱ͑ݴΔɽ

֤ʹɼεϖΫτϧɼۙத৺ੑಛڑ࠷ dKͰΒ

͖͕ͭ҆ఆͯ͠খ͘͞ɼd͕େ͖͘ͳΔʹͭΕͯࠩޡখ͘͞

ͳΔ͕͋Δ͜ͱ͕͔Δɽ



0K

1K

1K+

2K

2.5K

ڑ࠷ େΫϦʔΫۃ αΠΫϧ εϖΫτϧ ۙத৺ੑ

ਤ 3 Caltech ͷ౷ྔܭ

ਤ 4 Caltech ͷࠩޡͷ ਤ 5 Rice ͷࠩޡͷ ਤ 6 wiki-Vote ͷࠩޡͷ

ͱͦͷΒ͖ͭɼࠩޡେΫϦʔΫαΠΫϧͷۃ

ଞͷ౷ྔܭʹൺΔͱେ͖͘ɼσʔληοτͷτϙϩδ

ʹΑͬͯҟͳΔɽ

3. 3. 3 ࣮ ߦ ࣌ ؒ

ͦΕͧΕͷੜϞσϧͰ 1 άϥϑΛੜ͢Δͷʹ͔͔ͬͨ

දؒ࣌ߦ࣮ 4ͷ௨ΓͰ͋ΔɽͦΕͧΕ ͷάϥϑΛੜݸ10

͠ɼฏۉΛͱͬͨɽ0Kɼ1K  Python 3.6.3ɼ2Kͱ 2.5K

Python 2.7.10Ͱ࣮ͨ͠ߦɽ

ද 4 ؒ࣌ߦ࣮ [ඵ]

Dataset 0K 1K 1K+ 2K 2.5K

Caltech [35] 0.0658 1.17 1.13 0.532 11.3

Rice [35] 0.629 64.0 53.1 5.09 84.7

wiki-Vote [36] 0.382 47.2 42.5 3.29 62.7

0Kάϥϑ҆ఆͯ͘͠ੜ͢Δ͜ͱ͕Ͱ͖Δɽ2.5Kάϥ

ϑͷੜ͜ͷதͰͬͱ͔͔͕ؒ࣌Δɽ



4 άϥϑੜϞσϧ 1K+ͷఏҊ

ຊڀݚͰɼ࣍Λݻఆ͠ɼ࣍ʹґଘ͢ΔΫϥελ

Λ 1KΑΓೖྗʹ͚ۙͮΔੜϞσϧΛఏҊ͢Δɽ͜ͷੜ

ϞσϧͰɼਤ 3͔Β͔Δ௨ΓɼैདྷͷϥϯμϜάϥϑੜ

ϞσϧʹΑͬͯੜ͞ΕΔάϥϑ͕࣮ݱͷάϥϑͱൺͯେ

͖ͳαΠζͷΫϦʔΫΛͨ࣋ͳ͍ʹ͋Δ͔࣮ࣄΒɼΫϦʔ

Ϋʹண͠ɼ1) ࣍ k ʹର͢Δܗ֯ࡾͷʹԠͯ͡ΫϦʔΫ

Λੜ͠ɼ2)ͦΕͧΕͷϊʔυͷ࣍Λ௨ৗͷίϯϑΟάϨʔ

γϣϯϞσϧΛ༻͍ͯҰகͤ͞Δɼͱ͍͏ 2ஈ֊ʹΑͬͯάϥ

ϑΛੜ͢ΔɽຊߘͰɼ͜ͷੜϞσϧʹΑͬͯੜ͞ΕΔ

άϥϑΛ 1K+άϥϑͱݺͿ͜ͱʹ͢Δɽ

lݸͷϊʔυΛͯͬαΠζ lͷΫϦʔΫΛੜͨ͠ͱ͖ɼ֤

ϊʔυ͕ (l−1)(l−2)
2 Ճ͢ΔͨΊɼશମͰ্͑ࢀʹܗ֯ࡾͷݸ

͛ΒΕΔܗ֯ࡾͷɼl × (l−1)(l−2)
2 = l(l−1)(l−2)

2 ͱͳΔɽݸ

αΠζ 5ͷΫϦʔΫͰɼ֤ϊʔυ͕ (5−1)(5−2)
2 = ֯ࡾͷݸ6

Ճ͍ͯ͠ΔͨΊɼશମͰࢀʹܗ 6× 5 = ্͕͑ܗ֯ࡾͷݸ30

͛ΒΕΔ͜ͱʹͳΔɽ

ఏҊ͢ΔੜϞσϧͰɼ֤࣍ʹର͠ɼඪͱ͢Δܗ֯ࡾ

ͷʹͬͱ͍ۙͷܗ֯ࡾΛߏͰ͖ΔΫϦʔΫΛɼಉ͡

ΛͭϊʔυͲ͏͠Ͱੜ͢Δͱ͍͏ΞϓϩʔνΛͱΔɽ࣍

Algorithm 1ʹ࣮ͷΞϧΰϦζϜΛࣔ͢ɽೖྗɼ࣍

 P (di = k) ͔ΒׂΓͯΒΕͨ࣍ྻ d1 · · · dn ͱɼ࣍ʹ
ґଘ͢ΔΫϥελ c̄(k)͔Β͞ࢉܭΕͨɼ࣍ k ͷϊʔυ

ܭ߹ͷͷܗ֯ࡾՃ͢Δࢀ͕ ntri[k]ͱ͢Δɽ

͜ͷ 1K+ΞϧΰϦζϜʹΑͬͯੜ͞ΕͨάϥϑɼΫϥ

ελΛೖྗͱ͠ͳ͍ 0Kɼ1Kɼ2KͷάϥϑੜϞσϧʹ

Αͬͯੜ͞Εͨάϥϑͱൺɼඪͱ͢Δάϥϑͷ࣍ʹґ

ଘ͢ΔΫϥελʹۙͮ͘ɽਤ 7ʹɼੜ͞Εͨάϥϑͷ࣍

ʹґଘ͢ΔΫϥελͷΛࣔ͢ɽਤதͷ͍͕ඪ

ͱ͢ΔάϥϑͷΛϓϩοτͨ͠ͷͰ͋Γɼଞ͕ੜ͞Ε

ͨ 100άϥϑͷΛϓϩοτͨ͠ͷͰ͋Δɽ1K+Ξϧΰ

ϦζϜʹΑͬͯੜ͞Εͨάϥϑͷ࣍ʹґଘ͢ΔΫϥελ

ͷ͕ɼ0Kɼ1Kɼ2KͷάϥϑੜϞσϧʹΑͬͯੜ͞

Εͨάϥϑͱൺ͍ʹΑ͘ॏͳ͍ͬͯΔ͜ͱ͕Θ͔Δɽ

4. 1 ࣮ ݧ

ୈ 3ষͰͷ࣮ݧͱಉ༷ͷ͜ͱΛ 1K+ੜϞσϧʹରͯ͠

ͷΛೖྗͱʹґଘ͢ΔΫϥελ࣍ͱ࣍ɽ͏ߦ

ͯ͠ɼAlgorithm 1ͷ௨Γ Python 3.6.3Ͱ࣮ͨ͠ 1K+-άϥ

ϑੜϞσϧͰάϥϑΛ 100ੜ͢Δɽ

4. 2 ࣮ ݧ ݁ Ռ

Caltechͷσʔληοτͷ౷ྔܭͷɼਤ 3ʹࣔ͢ɽਤ

4ɼ5ɼ6͔Β͔Δ௨ΓɼఏҊͨ͠ 1K+ͷΞϧΰϦζϜʹΑͬ

ͯੜ͞ΕΔάϥϑɼ2KΑΓ͕ࠩޡখ͘͞ͳΔ͜ͱ͕͋

Γɼྫ͑࠷ڑʹؔͯ͠ɼCaltechͷάϥϑͰͬ

ͱ͕ࠩޡখ͘͞ɼRice Ͱ 2.5K ͷ͕ࠩޡʹ࣍খ͍͞ɽ·

ͨɼ1K+άϥϑͷۃେΫϦʔΫͱαΠΫϧͷࠩޡɼ

Wiki-Vote ͷάϥϑͰฏۉతʹͬͱখ͘͞ͳ͍ͬͯΔɽ

Algorithm 1 1K+άϥϑੜͷΞϧΰϦζϜ
Require: ϊʔυͷ࣍ྻ d1 · · · dnɼ࣍ k ͷϊʔυ͕ࢀՃ͢Δ֯ࡾ

ܭ߹ͷͷܗ ntri[k]

Ensure: 1K+ άϥϑ

V ′ ← {1, · · ·n}
E′ ← ۭू߹
V ′
k ← di = k Ͱ͋Δϊʔυͷ ID i

for all ࣍ k do

if |V ′
k| < k + 1 then

if ntri[k] < αΠζ |V ′
k| ͷΫϦʔΫͰੜͰ͖Δܗ֯ࡾͷ

then

ntri[k] ʹͬͱ͍ۙͷܗ֯ࡾΛੜͰ͖ΔΫϦʔΫΛ

V ′
k தͷϊʔυͰੜ

E′ Λߋ৽

else

αΠζ |V ′
k| ͷΫϦʔΫΛ V ′

k தͷϊʔυΛશͯ༻͍ͯੜ

E′ Λߋ৽

end if

else

if |V ′
k| >= ࣍ k ͷΫϦʔΫͰੜͰ͖Δܗ֯ࡾͷ then

αΠζ k + 1 ͷΫϦʔΫΛ V ′
k தͷϊʔυͰੜ

E′ Λߋ৽

else

ntri[k] ʹͬͱ͍ۙͷܗ֯ࡾΛੜͰ͖ΔΫϦʔΫΛ

V ′
k தͷϊʔυͰੜ

E′ Λߋ৽

end if

end if

end for

ίϯϑΟάϨʔγϣϯϞσϧʢAlgorithm 2ʣͰ࣍Λ߹ΘͤΔ

G′ ← (V ′, E′)

return G′

Caltech RiceͰ 1K͔Βଟগվળ͞Ε͍ͯΔɽ͞Βʹɼ࣮

ɼද͍ͯͭʹؒ࣌ߦ 4͔Β͔Δ௨Γɼ1K+άϥϑɼ1Kά

ϥϑΑΓੜʹඞཁͳೖྗ͕૿͍͑ͯΔ͕ɼΑΓ͍ؒ࣌Ͱੜ

Ͱ͖Δɽ

5 ·ͱΊͱޙࠓͷ՝

ຊڀݚͰɼdK-seriesʹͮ͘جάϥϑੜϞσϧʹΑͬͯੜ

͞ΕΔάϥϑͷ֤౷͕ྔܭͲͷఔΒ͔ͭ͘ʹ͍ͭͯূݕ

ͨ͠ɽ·ͨɼͦΕͧΕͷੜϞσϧʹΑͬͯੜ͞Εͨάϥϑ

ͷ౷ྔܭͷࠩޡͷΛͨ͠ߟɽ͜ΕʹΑΓɼdK-series ʹ

ܭҎ֎ͷ౷ྔܭάϥϑੜϞσϧͰೖྗͱͯ͠༩͑ͨ౷ͮ͘ج

ྔʹ͍ͭͯɼࠩޡͷΒ͖͕ͭখ͍͜͞ͱΛࣔͨ͠ɽ

͞Βʹɼ࣍ʹґଘ͢ΔΫϥελΛೖྗͱͯ͠ɼΫϦʔ

Ϋʹண͠ܗ֯ࡾΛߏங͢Δ 1K+άϥϑͷੜϞσϧΛఏҊ

͠ɼ͜Ε͕ 2.5KάϥϑͷੜΑΓ࣮ؒ࣌ߦΛॖͰ͖ɼ·ͨɼ

τϙϩδʹΑͬͯ 2KάϥϑΑΓ౷ྔܭͷࠩޡΛখ͘͞Ͱ

͖Δ͜ͱΛࣔͨ͠ɽ

+ͷ՝ɼ1Kޙࠓ άϥϑͷੜϞσϧΛɼೖྗͱͯ͠༩

ߦʹΑΓ͚ۙͮΔվળΛʹґଘ͢ΔΫϥελ͍࣍ͨͯ͑



(a) 0K

(b) 1K

(c) 1K+

(d) 2K

ਤ 7 ͷʢCaltechʣʹґଘ͢ΔΫϥελ࣍

͍ɼۃେΫϦʔΫͷͷࠩޡΛ͡Ίͱ͢Δ౷ྔܭͷࠩޡ

҆ఆͯ͠ΑΓখ͘͢͞Δ͜ͱͰ͋Δɽ

ँࣙ ຊڀݚͷҰ෦ɼڀݚཱࠃ։ൃ๏ਓ৽ΤωϧΪʔɾۀ࢈

ٕज़૯߹։ൃߏػʢNEDOʣͷҕୗۀͱͯ͠ߦΘΕ·ͨ͠ɽ

จ ݙ
[1] Kwak, H., Lee, C., Park, H. and Moon, S. B.: What is

Twitter, a social network or a news media?, Proceedings of

the 19th international conference on World Wide Web, pp.

591–600 (2010).

[2] Ferrara, E.: Measurement and Analysis of Online Social

Networks Systems, pp. 891–893 (2014).

[3] Leskovec, J. and Faloutsos, C.: Sampling from large graphs,

Proceedings of the 12th ACM SIGKDD international con-

ference on Knowledge discovery and data mining , pp. 631–

636 (2006).

[4] Ahn, Y.-Y., Han, S., Kwak, H., Moon, S. and Jeong, H.:

Analysis of topological characteristics of huge online social

networking services, Proceedings of the 16th international

conference on World Wide Web, pp. 835–844 (2007).

[5] Hu, P. and Lau, W. C.: A Survey and Taxonomy of Graph

Sampling, arXiv preprint arXiv:1308.5865 (2013).

[6] Gjoka, M., Kurant, M., Butts, C. T. and Markopoulou,

A.: Walking in Facebook: A Case Study of Unbiased Sam-

pling of OSNs, 2010 Proceedings IEEE INFOCOM , pp. 1–9

(2010).

[7] தౢҰو, ट౻Ұ: ϓϥΠϕʔτͳϊʔυΛؚΉιʔγϟϧ
ωοτϫʔΫͷ౷ྔܭਪఆ, DEIM2019 ୈ 11 ճσʔλֶͱ
ใϚωδϝϯτʹؔ͢ΔϑΥʔϥϜ (2019).

[8] Gjoka, M., Kurant, M. and Markopoulou, A.: 2.5 k-graphs:

from sampling to generation, 2013 Proceedings IEEE IN-

FOCOM , pp. 1968–1976 (2013).

[9] Mahadevan, P., Krioukov, D., Fall, K. and Vahdat, A.: Sys-

tematic topology analysis and generation using degree cor-

relations, ACM SIGCOMM Computer Communication Re-

view , Vol. 36, No. 4, pp. 135–146 (2006).

[10] Watts, D. J. and Strogatz, S. H.: Collective dynamics of

’small-world’ networks, Nature, Vol. 393, No. 6684, pp. 440–

442 (1998).

[11] Pusch, A., Weber, S. and Porto, M.: Generating random

networks with given degree-degree correlations and degree-

dependent clustering, Physical review. E , Vol. 77, No. 1, p.

017101 (2008).

[12] Erdős, P. and Rényi, A.: On Random Graphs I, Publica-

tiones Mathematicae Debrecen, Vol. 6, p. 290 (1959).

[13] Ma, J., van den Driessche, P. and Willeboordse, F. H.: Ef-

fective degree household network disease model, Journal of

Mathematical Biology, Vol. 66, No. 1, pp. 75–94 (2013).

[14] Bender, E. A. and Canfield, E. R.: The Asymptotic Number

of Labeled Graphs with Given Degree Sequences, Journal

of Combinatorial Theory, Series A, Vol. 24, No. 3, pp. 296–

307 (1978).

[15] Bollobás, B.: A Probabilistic Proof of an Asymptotic For-

mula for the Number of Labelled Regular Graphs, Euro-

pean Journal of Combinatorics, Vol. 1, No. 4, pp. 311–316

(1980).

[16] Chung, F. and Lu, L.: The Average Distance in a Random

Graph with Given Expected Degree, Internet Mathematics,

Vol. 1, No. 1, pp. 91–113 (2004).

[17] Chung, F. and Lu, L.: Connected Components in Random

Graphs with Given Expected Degree Sequences, Annals of

Combinatorics, Vol. 6, No. 2, pp. 125–145 (2002).

[18] Luczak, T.: Sparse random graphs with a given degree se-

quence, Proceedings of the Symposium on Random Graphs,

Poznan, pp. 165–182 (1989).

[19] Molloy, M. and Reed, B. A.: A Critical Point for Random



Graphs with a Given Degree Sequence, Random structures

& algorithms, Vol. 6, No. 2-3, pp. 161–180 (1995).

[20] Molloy, M. and Reed, B. A.: The Size of the Giant Com-

ponent of a Random Graph with a Given Degree Sequence,

Combinatorics, Probability & Computing , Vol. 7, No. 3, pp.

295–305 (1998).

[21] C. Wormald, N.: The asymptotic connectivity of labelled

regular graphs, Journal of Combinatorial Theory, Series

B , Vol. 31, No. 2, pp. 156–167 (1981).

[22] E.J. Newman, M., H. Strogatz, S. and Watts, D. J.: Ran-

dom Graphs with Arbitrary Degree Distributions and their

Applications, Physical review. E , Vol. 64, No. 2, p. 026118

(2001).

[23] Durrett, R.: Random Graph Dynamics, Cambridge Series

in Statistical and Probabilistic Mathematics (2006).

[24] I Del Genio, C., Kim, H., Toroczkai, Z. and Bassler, K.: Effi-

cient and Exact Sampling of Simple Graphs with Given Ar-

bitrary Degree Sequence, PloS one, Vol. 5, No. 4, p. e10012

(2010).

[25] Stanton, I. and Pinar, A.: Constructing and Sampling

Graphs with a Prescribed Joint Degree Distribution, Jour-

nal of Experimental Algorithmics, Vol. 17, pp. 3–1 (2012).

[26] Stanton, I. and Pinar, A.: Sampling Graphs with a Pre-

scribed Joint Degree Distribution Using Markov Chains,

Proceedings of the 13th Workshop on Algorithm Engineer-

ing and Experiments, pp. 151–163 (2011).

[27] Tillman, B., Markopoulou, A., Gjoka, M. and Buttsc, C. T.:

2K+ Graph Construction Framework: Targeting Joint De-

gree Matrix and Beyond, IEEE/ACM Transactions on Net-

working , Vol. 27, No. 2, pp. 591–606 (2019).
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Algorithm 2 1KάϥϑੜͷΞϧΰϦζϜ
Require: ϊʔυͷ࣍ྻ d1 · · · dn
Ensure: 1K άϥϑ

krem ← ΛೖΕΔ࣍͞Γ n ͷྻ {d1 · · · dn}
ksum ← ࣍

∑n
i=1 di

V ′ ← {1, · · ·n}
E′ ← ۭू߹
t← ෮ճɼॳظ 0

tmax ← େ෮ճʢҙʣ࠷
while ksum > 0 ͔ͭ t < tmax do

kmax ← େ࠷ͷ࣍Γ
vs ← ds = kmax ͱͳΔϊʔυ

ve ← ࣍Γ krem[ve] ʹൺྫ͢Δ֬ͰϥϯμϜʹબΕͨ

ϊʔυ

if vs ͱ ve ͷؒʹΤοδ͕ͳ͍ then

E′ ← E′ ∪ (vs, ve)

krem[vs]← krem[vs]− 1

krem[ve]← krem[ve]− 1

ksum ← ksum − 2

end if

t← t+ 1

end while

G′ ← (V ′, E′)

return G′

Algorithm 3 2KάϥϑੜͷΞϧΰϦζϜ
Require: ࣍ k ͷϊʔυͱ࣍ l ͷϊʔυͷؒʹ͋ΔΤοδͷຊ

JDD(k, l)ɼϊʔυͷ࣍ྻ d1 · · · dn
Ensure: 2K άϥϑ

V ′ ← {1, · · ·n}
E′ ← ۭू߹
E′

possible ← શͯͷϊʔυϖΞ {(vi, vj)|1 <= i, j <= n, i |= j}
JDD′(di, dj)←0

d′1 · · · d′n ←0

for all (vi, vj) ∈ E′
possible do

if JDD′(di, dj) < JDD(di, dj) ͔ͭ d′i < di ͔ͭ d′j < dj

then

E′ ← E′ ∪ (vi, vj)

d′i ← d′i + 1

d′j ← d′j + 1

JDD′(di, dj)← JDD′(di, dj) + 2

end if

end for

G′ ← (V ′, E′)

return G′

2KάϥϑੜͷΞϧΰϦζϜ

Algorithm 3ʹࣔ͢ɽ͜Εಉ༷ʹɼೖྗͷʹΑͬͯ

ͦΕΛͪΐ͏Ͳຬͨ͢άϥϑΛੜͰ͖ͳ͍Մੑ͕͋Δ͕ɼ

؆୯ͷͨΊʹɼ͜͜ͰάϥϑΛੜՄͳೖྗ͕༩͑ΒΕΔ

ͷͱ͢Δɽ


