
୯ޠͷ෼ࢄදݱΛ༻͍ͨҙຯ༧ଌʹࡶͮ͘جஊԠ౴ੜ੒ ∗

ˑݹ෣ઍڿ, ୌޱ఩໵, ༗໦߁༤ (ਆށେ)

1 ͸͡Ίʹ

ۙ೥, IoTԽʹ൐͏ձ࿩ܕΠϯλʔϑΣʔε΍, ಠ

,࿝ਓͷ૿Ճډ एऀͷର࿩తίϛϡχέʔγϣϯෆ଍

ͳͲͷࣾձ໰୊Λड͚ͯ, ਓؒͱձ࿩Ͱ͖ΔγεςϜ

ͷ͕ڀݚ੝ΜʹߦΘΕ͍ͯΔ. Խ͞Ε͍ͯΔ༺࣮ʹط

΋ͷͱͯ͠, AppleࣾʹΑΔର࿩ܕൿॻػೳγεςϜ

ʮSiriʯ΍, MicrosoftࣾʹΑΔձ࿩ϘοτʮΓΜͳʯͳ

Ͳ͕͛ڍΒΕΔ. ର࿩γεςϜͷԠ౴ੜ੒ʹ͸, ͋Β

͔͡ΊਓखʹΑͬͯ࡞੒ͨ͠نଇʹΑͬͯԠ౴Λੜ੒

͢Δϧʔϧϕʔεख๏͕ଘ͢ࡏΔ͕, ଟछଟ༷ͳԠ౴

ͷͨΊʹ͸ίετ͕͔͔Δͱ͍͏໰୊͕͋Δ. ຊڀݚ

Ͱѻ͏ࡶஊγεςϜ͸, ಛఆͷ࿩୊΍λεΫΛ૝ఆ͠

ͨ΋ͷͰ͸ͳ͘, ਓؒͱͷର࿩ͦͷ΋ͷʹয఺Λ౰ͯ

ͨඇλεΫܕ޲ࢦͱݺ͹ΕΔ΋ͷͰ, ಓҊ಺΍νέο

τ༧໿ͳͲಛఆͷ໨తΛ࣋ͬͨλεΫܕ޲ࢦγεςϜ

ͱ͸ҧ͍, ,ΊΒΕΔͷͰٻ࿩୊΁ͷରԠ͕͍޿ ϧʔ

ϧϕʔεख๏Ͱ͸ͳࣗ͘ಈͰԠ౴จΛੜ੒͢Δख๏

Λ༻͍Δඞཁ͕͋Δ.

,ࡏݱ ର࿩γεςϜʹ͓͚Δ୯ޠදݱ͸ one-hotද

,ΑΔ΋ͷ͕ओྲྀͰ͋Δ͕ʹݱ ஊʹ͓͍ͯ͸ѻ͏୯ࡶ

,਺͕ඇৗʹଟ͘ͳΔ͜ͱ͕༧૝͞Εޠ ଟछଟ༷ͳԠ

౴ʹରԠͰ͖ΔΑ͏ʹ͠Α͏ͱ͢Δͱ, one-hotදݱ

Λ༻͍ͨ৔߹͸୯ޠϕΫτϧͷ࣍ݩ਺ͷ૿Ճ͕ආ͚Β

Εͣ, Ϟσϧ͕ෳࡶԽ͢Δ. ·ͨ, ίʔύεதʹग़ݱ

ͨ͠୯ޠҎ֎ͰԠ౴จΛੜ੒͢Δ͜ͱ͕Ͱ͖ͣ, ίʔ

ύε΁ͷґଘ౓͕͍ߴ. ͦ͜Ͱ, one-hotදݱΛ༻͍

ͣ, ͷҙຯݩఆ࣍ݻલʹςΩετσʔλͰֶशͨ͠ࣄ

දݱϕΫτϧۭؒΛ༻ҙ͠, ೖग़ྗ࣌ͷ୯ޠදݱΛશ

ͯ౷Ұ͢Δ͜ͱͰ, ίʔύεதʹଘ͠ࡏͳ͔ͬͨ୯ޠ

΋ѻ͑, ϞσϧͷෳࡶԽ΋๷͙͜ͱ͕ظ଴Ͱ͖Δ.

ຊڀݚͰ͸, લʹֶशͤͨ͞ࣄ word2vecʹΑΔ୯

,͍ͯ༺Λݱදࢄͷ෼ޠ Recurrent Neural Network

ʹΑΔ୯ޠ༧ଌΛ͍ߦ, Ԡ౴จΛੜ੒͢Δख๏ΛఏҊ

͢Δ.

2 RNN Encoder-DecoderʹΑΔର࿩γ
εςϜ

ର࿩γεςϜʹ͓͚ΔԠ౴ͷࣗಈੜ੒ख๏ͱͯ͠ଟ

͘༻͍ΒΕ͍ͯΔ΋ͷ͸VinyalsΒͷNeural Conver-

sational model [1]΍ ShangΒͷNeural Responding

Machine for Short-Text Conversation [2]ͰݟΒΕΔ

Α͏ʹRNNͰ͋Δ. Fig.1ʹࣔ͢Α͏ʹ, ೖྗ୯ޠϕ
∗Chat response generation based on semantic prediction using distributed representations of words, by
Kazuaki Furumai, Tetsuya Takiguchi, Yasuo Ariki (Kobe univ.)

ΫτϧͷྻܥX = (x1, ..., xTx)Λड͚औΓ, ग़ྗ୯ޠ

ϕΫτϧͷྻܥ Y = (y1, ..., yTy )Λग़ྗ͢Δ.

Fig. 1 Recurrent Neural NetworkʹΑΔԠ౴ੜ੒

͜͜Ͱ, RNNͷӅΕ૚ h(t) ͸

h(t) = f(h(t−1), xt)

Ͱද͢͜ͱ͕Ͱ͖Δ. ೖྗ୯ྻܥޠ X Λॲཧ͢Δ

RNNΛEncoder,ग़ྗ୯ྻܥޠY Λੜ੒͢ΔRNNΛ

Decoderͱͯ͠෼͚, ӅΕ૚ h(Tx) ΛDecoderʹ͓͚

Δ h(0)ʹ༻͍Δ͜ͷϞσϧ͸RNN Encoder-Decoder

ͱݺ͹ΕΔ. ຊڀݚͰ͸RNN Encoder-DecoderϞσ

ϧΛ༻͍Δ.

3 ୯ޠͷ෼ࢄදݱ

୯ޠͷ෼ࢄදݱ͸෼෍Ծઆʹ͍ͨͮج΋ͷͰ, ୯ޠ

Λ௿࣍ݩͷ࣮਺஋ϕΫτϧͰද͢දݱͰ͋Γ, Mikolov

Β [3], [4], [5]ʹΑͬͯఏҊ͞Εͨ word2vec͕ओྲྀ

Ͱ͋Δ. one-hotදݱͰ୯ޠΛѻͬͨ৔߹͸୯ؒޠͷ

,Ͱ͖ͳ͍ͷʹରྀ͠ߟΛ܎ؔ ෼ࢄදݱΛ༻͍Δͱྫ

͑͹ (King - Man + Woman = Queen)ͳͲͱ͍ͬ

ͨ୯ޠͷҙຯΛྀͨ͠ߟΑ͏ͳԋ͕ࢉՄೳʹͳΔ͜

ͱ͕஌ΒΕ͍ͯΔ.

word2vec ͷֶशख๏ͱͯ͠ CBOW(Continuous

Bag-of-Words), Skip-gramͷ͕̎ͭ͛ڍΒΕΔ͕,จ

ݙ [4]ʹ͓͍ͯ Skip-gramϞσϧʹΑΔֶशͷํ͕ྑ

͍݁ՌΛ͍ࣔͯ͠ΔͷͰ, ຊڀݚͰ͸ Skip-gramϞσ

ϧΛ༻͍ͯ word2vecΛֶश͢Δ. Skip-gramϞσϧ

Ͱ͸, Fig. 2ͷΑ͏ͳχϡʔϥϧωοτϫʔΫΛ༻͍,

தؒ૚Λֶशͤ͞Δ͜ͱͰ୯ޠʹର͢ΔҙຯϕΫτ

ϧΛಘΔ. ຊڀݚͰ͸͜ͷΑ͏ʹͯ͠ಘΒΕ֤ͨ୯ޠ

ͷϕΫτϧදݱΛೖྗ࣌ͷม׵, ग़ྗ࣌ͷ୯ࡧݕޠʹ

༻͍Δ.
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Fig. 2 Skip-gramϞσϧ

4 ఏҊख๏

ຊڀݚͰ͸, RNN Encoder-Decoderͷೖग़ྗϕΫ

τϧʹ, word2vecʹΑΔ෼ࢄදݱϕΫτϧΛ༻͍ͯ

Ԡ౴จΛੜ੒͢Δ. Ϟσϧͷུ֓ਤΛ Fig.3ʹࣔ͢.

ೖྗ୯ྻޠΛࣄલʹֶश͞Εͨ word2vec ʹΑͬͯ

dword ͠׵ϕΫτϧ΁ͱมݩ࣍ Encoder΁ೖྗ͢Δ.

࣍ʹ, EncoderͰੜ੒͞ΕͨӅΕ૚ h(Tx) Λ, Decoder

ͷӅΕ૚ͷॳظঢ়ଶ h(0) ͱ͢Δ. Decoderͷग़ྗϕ

Ϋτϧ͸ҙຯ༧ଌϕΫτϧ ymeant ͱѻ͏͜ͱ͕Ͱ͖,

֤ཁૉ࣮਺஋ΛͱΔ dword .ϕΫτϧͰ͋Δݩ࣍ ୯ޠ

΁ͷม࣌׵͸, ͜ͷҙຯ༧ଌϕΫτϧ ymeant Λ༻͍

ͯ, word2vecʹΑͬͯ࡞੒͞Εͨ୯ޠϕΫτϧू߹

V ͷதͰ, ΋࠷ cosྨࣅ౓͕͍ߴ΋ͷΛ֘౰୯ޠͱ͠

ͯԠ౴จΛग़ྗ͢Δ. ͜͜Ͱ, ኮ਺Λޠ N, word2vec

Ͱֶशͨ͠୯ޠϕΫτϧΛWk ∈ V (k = 1, ..., N)ͱ

͢Δͱ,

yt = argmax
Wk

cos(ymeant ,Wk)

ͱද͢͜ͱ͕Ͱ͖Δ. ·ͨ, ਖ਼ղ୯ྻޠΛ T =

(t1, ..., tTt)ͱ͢Δͱ, ֶश࣌ʹ༻͍Δଛࣦؔ਺ L͸

L =
∑

i

|ti − ymeani |

Ͱ͋Δ.

5 σʔληοτ

word2vecΛֶश͢Δσʔληοτͱ, Ԡ౴จੜ੒

Λֶश͢Δσʔληοτ͸ҟͳ͍ͬͯͯ΋ߏΘͳ͍

ͷͰ, ຊڀݚͰ͸ Twitter Ͱऩूͨ͠ର࿩ίʔύε

ͱ, ೔ຊޠWikipedia͔ࣄهΒ࡞੒ͨ͠σʔληοτ

Λ༻ҙͨ͠. ͦΕͧΕ, ద౰ͳࣜܗʹ੔ޙͨ͠ܗʹ,

MeCab [6]Λ༻͍ͨܗଶૉղੳʹΑΔ෼͔ͪॻ͖Λ

.ͳ͍ͬͯΔߦ

5.1 Twitterର࿩ίʔύε

ຊڀݚͰ͸࿩ऀੑ΍ର࿩ཤྺΛྀ͠ߟͳ͍ͨΊ,

Twitter͔Βද̍ͷΑ͏ͳ೔ຊޠͷ Tweet/Replyͷ

ϖΞΛूΊͨ 36ສϖΞ (72ສൃ࿩)Ͱର࿩ίʔύε

Λ࡞੒ͨ͠. ͨͩ͠, ը૾΍ URLΛ࣋ͭൃ࿩ΛؚΉ

ϖΞ, վߦʹΑΔෳ਺จΛ༻͍ͨπΠʔτ, ඇެ։π

Πʔτ͸࢖༻͠ͳ͍.

5.2 word2vecֶशʹ༻͍ΔςΩετσʔλ

word2vecͷֶशʹ͸, ऩूͨ͠ର࿩ίʔύεʹՃ

͑, ೔ຊޠͷWikipediaશࣄه 3G෼Λ༻͍ͨ. ͜Ε

ΒσʔληοτΛ༻͍ͯword2vecΛֶशͤͨ͞ޙʹ,

Twitterର࿩ίʔύεΛର࿩ֶशʹ༻͍͍ͯΔ.

6 ݧ࣮

6.1 ৚݅ݧ࣮

word2vec ʹΑΔ୯ޠͷ෼ࢄදݩ࣍ݱ਺ dword =

128,ग़ݱճ਺͕ 10ճҎԼͷ୯ޠ͸আ֎͠, Skip-gram

ϞσϧͰ୯ؒޠͷ࠷େεΩοϓ௕͸ 3୯ޠͰֶशΛ

,͍ߦ ݁Ռͱͯ͠ޠኮ਺͸ 20ສ୯ޠͱͳͬͨ. RNN

Encoder-Decoderʹ͍ͭͯ͸, LSTMηϧΛ༻͍, Ϣ

χοτ਺ 256, ӅΕ૚ 3 ૚ͷϞσϧͱͨ͠. ֶश࣌

ͷ࠷దԽख๏͸ Adam [7] Λ༻͍ͯ, ֶश܎਺͸

Ћ = 0.0001,Ќ1 = 0.9,Ќ2 = 0.99ͱͨ͠. ಛघه߸

ͱͯ͠, จ಄Λࣔ͢< GO >ͱจ຤Λࣔ͢< EOS >

΋ word2vecͰ୯ޠͱֶͯ͠श͠, RNN Decoderʹ

ΑΔԠ౴จੜ੒࣌ʹ͸ < GO >Λ࠷ॳͷ୯ޠͱͯ͠

ೖྗ͠, < EOS >͕ग़ྗ͞ΕΔ·ͰԠ౴Λੜ੒ͯ͠

͍Δ. ·ͨ, cosྨࣅ౓͕ 0.5ҎԼ, ·ͨ͸̍ͭલͷग़

ྗ࣌ͷ cosྨࣅ౓ͷ 60ˋҎԼͷ৔߹͸আ͘ͱ͍ͬͨ

ॲཧΛͨͬߦ.

6.2 ओ؍ධՁ

,ց຋༁ͷλεΫͳͲͰ͸ػ ෦෼తͳ୯ྻޠͷҰக

౓ͰείΞΛ͢ࢉܭΔ BLEU [8] ͕ධՁʹ༻͍ΒΕ

Δ. ͔͠͠, BLEUʹΑΔධՁͱਓखʹΑΔධՁʹࠩ

ҟ͕͋Δ৔߹͕ࢦఠ͞Ε͍ͯΔ [9]. ྫ͑͹, ӳޠͱϑ

ϥϯεޠͳͲจ๏తߏ଄͕͍ͯࣅΔؒޠݴͷ຋༁λ

εΫͳͲͰ͸ਓखධՁͱ͍͕ۙ, ӳޠͱ೔ຊޠͳͲจ

๏తߏ଄͕͍ͯࣅͳ͍ؒޠݴͷ຋༁λεΫͰ͸ࠩҟ

͕ൃੜ͢Δ. ຊڀݚͰѻ͍ͬͯΔࡶஊγεςϜͰ͸,

ೖྗจͱग़ྗจ͸༷ʑͳ૊Έ߹Θ͕ͤ͑ߟΒΕ, ΑΓ

ෳࡶͳλεΫͱͳ͍ͬͯΔͨΊ, ಉ༷ʹ BLEUධՁ

ͱਓखධՁʹࠩҟ͕ੜ·ΕΔ͜ͱ͕͑ߟΒΕΔ. ͦ

͜Ͱ, ຊڀݚͰ͸, ҎԼʹࣔ̎ͭ͢ͷධՁࢦඪΛ࡞੒

ͨ͠.
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Fig. 3 ఏҊख๏Ϟσϧ

Table 1 Tweet/ReplyϖΞͷྫ

Tweet Reply

΍ͬͱ ͪΌΜͱ ৸ Ε ͨ ͓͸Α͏ ͔ͬ͠Γ ਭ຾ ͸ औͬ ͯ ͍ͩ͘͞ Ͷ (ʞ _‘)

͕Μ͹Ε ʂ ͏ͪ ΋ Εࡲۺ ͷ ͳ͔ ுΔؤ স ுͬؤ ͨ Α (;_;)

͸͍͸͍ ɻ ͍͚ ΊΜ Ͱ͢ Ͷʔ () ๮ಡΈ ײ ͸Μͺ ͳ͍ ɺ

• ద੾ੑ : ೖྗจʹ൓Ԡ, ·ͨཧղ͍ͯ͠Δͱ͡ײ

Δ͔Ͳ͏͔

• ଟ༷ੑ : ଟ༷ͳฦ౴͕͍ͯ͑ߦΔ͔Ͳ͏͔

ଟ༷ੑʹ͍ͭͯ͸, ౰ͨΓোΓͷͳ͍૬௤ͳͲͰ͸ͳ

͘, ͦͷձ࿩ಛ༗ͷฦ౴Λ͍ͯ͑ߦΔ͔ΛධՁج४ͱ

͍ͯ͠Δ. ద੾ੑʹؔͯ͠͸ओ؍ධՁʢ5: ͱͯ΋ྑ

͍, 4: ྑ͍, 3: ී௨, 2: ѱ͍, 1: ͱͯ΋ѱ͍ʣ, ଟ

༷ੑʹؔͯ͠͸ʢ5: ໘ന͍, 4: ΍΍໘ന͍ ຢ͸ ؾ

͕ར͍͍ͯΔ, 3: ී௨ (Ұൠత: ౰ͨΓোΓ͕ͳ͍),

2: ΍΍໘ന͘ͳ͍ ຢ͸ ,ར͍͍ͯͳ͍͕ؾ 1: ໘ന

͘ͳ͍ʣΛ༻͍ͨ. Twitter͔Βऩू͠, ֶशʹ༻͍

ͳ͔ͬͨ 46จͰԠ౴จੜ੒Λ͍ߦ, ͦΕͧΕͷੜ੒

จʹ֤ؔͯ͠ධՁʹ͍ͭͯෳ਺ͷධՁऀʹΑΔ̑ஈ

֊ධՁΛͨͬߦ.

6.3 ࡯ߟՌɾ݁ݧ࣮

Fig.4ʹ࣮݁ݧՌͷൺֱΛࣔ͢. ͦ,ͯؔ͠ʹඪࢦ֤

ΕͧΕͷධՁ஋Λฏ݁ͨ͠ۉՌΛ͍ࣔͯ͠Δ. one-hot

දݱΛ༻͍ͨैདྷख๏ͱൺ΂ͯ,ఏҊख๏͸, ଟ༷ੑ

.Δ͜ͱ͕֬ೝͰ͖Δ্͍ͯ͠޲͕ one-hotදݱͰ͸

,ΛॲཧͰ͖Δ఺͔Βޠͳ͔ͬͨྨྀ͍ٛͯ͠ߟ ద੾

ੑͷظ্͕޲଴͞Ε͕ͨ, ͸΄ͱΜͲ͕ࠩΈΒΕࡍ࣮

ͳ͔ͬͨ. ͔͠͠, Twitter͔ΒબΜͩೖྗจʢϢʔ

βൃ࿩ʣͷҙຯ͕෼͔Βͳ͍΋ͷͩͱ, ద੾ੑͷ൑அ

͕೉͔ͬͨ͠ͱ͍͏ҙݟ΋͋Γ, Ξϯέʔτͷվળ͕

2.81 2.76
2.86

3.29

2
2.2
2.4
2.6
2.8
3

3.2
3.4
3.6
3.8
4


�� ���
����� 	����

Fig. 4 ओ؍ධՁ࣮ݧ

ඞཁͱ͑ߟΒΕΔ. ଟ༷ੑʹؔͯ͠͸, ैདྷख๏Ͱ༻

͍ΒΕ͍ͯΔ, ୯ྻޠʹ͓͚Δ֤୯ޠͷੜ੒֬཰ͷੵ

ϏʔϜαʔν͏ߦͳΔΑ͏ੜ੒Λ͘ߴ͕ [10] ͷӨڹ

΋͑ߟΒΕΔͷͰ, ਫ਼͕ࠪඞཁͰ͋Δ. ੜ੒͞ΕͨԠ

౴จͷྫΛද̎ʹࣔ͢. ͜͜Ͱ, ʮΨΠϧʯ, ʮμʔ

εɾϕΠμʔʯͱ͍͏୯ޠ͸ࠓճͷֶशσʔλதʹ͸

ؚ·Ε͓ͯΒͣ, ैདྷख๏Ͱ͸ͲͪΒ΋ < unk >ͱ

ͯ͠ॲཧ͞Ε͓ͯΓ, Ԡ౴͕มԽ͍ͯ͠ͳ͍͕, ఏҊ

ख๏Ͱ͸ͦΕͧΕผͷϕΫτϧʹม͞׵Ε͓ͯΓ, Ԡ

౴จ΋มԽ͍ͯ͠Δ͜ͱ͕֬ೝͰ͖Δ.
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Table 2 Ԡ౴จੜ੒ྫ

ೖྗจ ੜ੒จ

ॳΊ·ͯ͠ʙ͓࿩͠·͠ΐ͏ (ఏҊख๏)͑͑Αʂ

(ैདྷख๏)͋Γ͕ͱ͏͍͟͝·͢ ( ʅ˲ʆ )

஥ྑ͍ͯͩ͘͘͠͞ʂ (ఏҊख๏)΄ΜͳΒɺԿͯݺͼ·͠ΐʁ

(ैདྷख๏)ͳΜͯݺΜͰ͍ͩ͘͞ ( ʅ˲ʆ )

ΨΠϧ͍ڧΑͶ (ఏҊख๏)ຊ౰ʹ...?

(ैདྷख๏)ͦ͏ͩͬͨ (ʉ - ʉ )

μʔεɾϕΠμʔ͍ڧΑͶ (ఏҊख๏)ຊ౰ʹʂʂʂ

(ैདྷख๏)ͦ͏ͩͬͨ (ʉ - ʉ )

7 ͓ΘΓʹ

ຊߘͰ͸, ୯ޠͷ෼ࢄදݱΛೖग़ྗʹ༻͍ͯԠ౴จ

Λੜ੒͢Δख๏ʹ͍ͭͯݕ౼Λͨͬߦ. ैདྷͷ one-

hotදݱʹΑΔԠ౴จੜ੒ΑΓ΋, ଟ༷ੑͷ͋Δฦ౴

.Δ͜ͱΛࣔͨ͑͠ߦ͕ ঢ়ͷϞσϧͰ͸ݱ,͔͠͠ cos

,΋ͷΛग़ྗͱ͓ͯ͠Γ͍ߴ΋࠷౓ͷࣅྨ one-hotද

͋ʹϞσϧͰ༻͍ΒΕ͍ͯΔΑ͏ͳϏʔϜαʔνݱ

ͨΔॲཧ͕ߦΘΕ͓ͯΒͣ, จ๏తޡΓͷଟ͍Ԡ౴จ

Λੜ੒͢Δ͜ͱ΋ଟ͔ͬͨ. ·ͨ, ग़ྗੜ੒࣌ʹ, ର

࿩ίʔύεʹݱΕͳ͔ͬͨ୯͕ޠग़ͨ͠ݱͱͯ͠΋

จશମͰݟΔͱҙຯ͕ෆ໌ྎͳ΋ͷͱͳΔ͜ͱ͕ଟ

͔ͬͨ. ͸ޙࠓ seqGAN [11] ΍ͦͷଞͷޠݴϞσϧ

ͷ࢖༻Λݕ౼͠, ਫ਼౓্޲Λ໨͍ͨ͠ࢦ. ·ͨ, σʔ

ληοτʹ༻͍ͨ Twitterίʔύε͸ϊΠζͷଟ͍

΋ͷͰ͋ΔͷͰ, ਖ਼ղσʔλͱྨ͍ͯ͠ࣅΔͱ͡ײΔ

Α͏ͳੜ੒จͰ΋, ѱ͍ධՁͱͳΔ͜ͱ͕͋ͬͨ. ࠓ

,͸ޙ ΑΓϊΠζ͕গͳ͘, ର࿩ཤྺ΋ྀߟͰ͖ΔΑ

͏ͳෳ਺λʔϯձ࿩ͷσʔληοτ΋͑ߟΔඞཁ͕

͋Δ.
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