
୯ޠͷࢄදݱΛ༻͍ͨҙຯ༧ଌʹࡶͮ͘جஊԠੜ ∗

ˑݹઍڿ, ୌޱ, ༗߁༤ (ਆށେ)

1 ͡Ίʹ

ۙ, IoTԽʹ͏ձܕΠϯλʔϑΣʔε, ಠ

,ਓͷ૿Ճډ एऀͷରతίϛϡχέʔγϣϯෆ

ͳͲͷࣾձΛड͚ͯ, ਓؒͱձͰ͖ΔγεςϜ

ͷ͕ڀݚΜʹߦΘΕ͍ͯΔ. Խ͞Ε͍ͯΔ༺࣮ʹط

ͷͱͯ͠, AppleࣾʹΑΔରܕൿॻػγεςϜ

ʮSiriʯ, MicrosoftࣾʹΑΔձϘοτʮΓΜͳʯͳ

Ͳ͕͛ڍΒΕΔ. ରγεςϜͷԠੜʹ, ͋Β

͔͡ΊਓखʹΑͬͯ࡞ͨ͠نଇʹΑͬͯԠΛੜ

͢Δϧʔϧϕʔεख๏͕ଘ͢ࡏΔ͕, ଟछଟ༷ͳԠ

ͷͨΊʹίετ͕͔͔Δͱ͍͏͕͋Δ. ຊڀݚ

Ͱѻ͏ࡶஊγεςϜ, ಛఆͷλεΫΛఆ͠

ͨͷͰͳ͘, ਓؒͱͷରͦͷͷʹযΛͯ

ͨඇλεΫܕࢦͱݺΕΔͷͰ, ಓҊνέο

τ༧ͳͲಛఆͷతΛͨͬ࣋λεΫܕࢦγεςϜ

ͱҧ͍, ,ΊΒΕΔͷͰٻͷରԠ͕͍ ϧʔ

ϧϕʔεख๏Ͱͳࣗ͘ಈͰԠจΛੜ͢Δख๏

Λ༻͍Δඞཁ͕͋Δ.

,ࡏݱ ରγεςϜʹ͓͚Δ୯ޠදݱ one-hotද

,ΑΔͷ͕ओྲྀͰ͋Δ͕ʹݱ ஊʹ͓͍ͯѻ͏୯ࡶ

,͕ඇৗʹଟ͘ͳΔ͜ͱ͕༧͞Εޠ ଟछଟ༷ͳԠ

ʹରԠͰ͖ΔΑ͏ʹ͠Α͏ͱ͢Δͱ, one-hotදݱ

Λ༻͍ͨ߹୯ޠϕΫτϧͷݩ࣍ͷ૿Ճ͕ආ͚Β

Εͣ, Ϟσϧ͕ෳࡶԽ͢Δ. ·ͨ, ίʔύεதʹग़ݱ

ͨ͠୯ޠҎ֎ͰԠจΛੜ͢Δ͜ͱ͕Ͱ͖ͣ, ίʔ

ύεͷґଘ͕͍ߴ. ͦ͜Ͱ, one-hotදݱΛ༻͍

ͣ, ͷҙຯݩ࣍ఆݻલʹςΩετσʔλͰֶशͨ͠ࣄ

දݱϕΫτϧۭؒΛ༻ҙ͠, ೖग़ྗ࣌ͷ୯ޠදݱΛશ

ͯ౷Ұ͢Δ͜ͱͰ, ίʔύεதʹଘ͠ࡏͳ͔ͬͨ୯ޠ

ѻ͑, ϞσϧͷෳࡶԽ͙͜ͱ͕ظͰ͖Δ.

ຊڀݚͰ, લʹֶशͤͨ͞ࣄ word2vecʹΑΔ୯

,͍ͯ༺Λݱදࢄͷޠ Recurrent Neural Network

ʹΑΔ୯ޠ༧ଌΛ͍ߦ, ԠจΛੜ͢Δख๏ΛఏҊ

͢Δ.

2 RNN Encoder-DecoderʹΑΔରγ
εςϜ

ରγεςϜʹ͓͚ΔԠͷࣗಈੜख๏ͱͯ͠ଟ

͘༻͍ΒΕ͍ͯΔͷVinyalsΒͷNeural 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 NetworkʹΑΔԠੜ

͜͜Ͱ, RNNͷӅΕ h(t) 

h(t) = f(h(t−1), xt)

Ͱද͢͜ͱ͕Ͱ͖Δ. ೖྗ୯ྻܥޠ X Λॲཧ͢Δ

RNNΛEncoder,ग़ྗ୯ྻܥޠY Λੜ͢ΔRNNΛ

Decoderͱ͚ͯ͠, ӅΕ h(Tx) ΛDecoderʹ͓͚

Δ h(0)ʹ༻͍Δ͜ͷϞσϧRNN Encoder-Decoder

ͱݺΕΔ. ຊڀݚͰRNN Encoder-DecoderϞσ

ϧΛ༻͍Δ.

3 ୯ޠͷࢄදݱ

୯ޠͷࢄදݱԾઆʹ͍ͨͮجͷͰ, ୯ޠ

Λݩ࣍ͷ࣮ϕΫτϧͰද͢දݱͰ͋Γ, Mikolov

Β [3], [4], [5]ʹΑͬͯఏҊ͞Εͨ word2vec͕ओྲྀ

Ͱ͋Δ. one-hotදݱͰ୯ޠΛѻͬͨ߹୯ؒޠͷ

,Ͱ͖ͳ͍ͷʹରྀ͠ߟΛؔ ࢄදݱΛ༻͍Δͱྫ

͑ (King - Man + Woman = Queen)ͳͲͱ͍ͬ

ͨ୯ޠͷҙຯΛྀͨ͠ߟΑ͏ͳԋ͕ࢉՄʹͳΔ͜

ͱ͕ΒΕ͍ͯΔ.

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༻͍,

தؒΛֶशͤ͞Δ͜ͱͰ୯ޠʹର͢ΔҙຯϕΫτ

ϧΛಘΔ. ຊڀݚͰ͜ͷΑ͏ʹͯ͠ಘΒΕ֤ͨ୯ޠ

ͷϕΫτϧදݱΛೖྗ࣌ͷม, ग़ྗ࣌ͷ୯ࡧݕޠʹ

༻͍Δ.
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Fig. 2 Skip-gramϞσϧ

4 ఏҊख๏

ຊڀݚͰ, RNN Encoder-Decoderͷೖग़ྗϕΫ

τϧʹ, word2vecʹΑΔࢄදݱϕΫτϧΛ༻͍ͯ

ԠจΛੜ͢Δ. Ϟσϧͷུ֓ਤΛ Fig.3ʹࣔ͢.

ೖྗ୯ྻޠΛࣄલʹֶश͞Εͨ word2vec ʹΑͬͯ

dword ͠ϕΫτϧͱมݩ࣍ Encoderೖྗ͢Δ.

,ʹ࣍ EncoderͰੜ͞ΕͨӅΕ h(Tx) Λ, Decoder

ͷӅΕͷॳظঢ়ଶ h(0) ͱ͢Δ. Decoderͷग़ྗϕ

Ϋτϧҙຯ༧ଌϕΫτϧ ymeant ͱѻ͏͜ͱ͕Ͱ͖,

֤ཁૉ࣮ΛͱΔ dword .ϕΫτϧͰ͋Δݩ࣍ ୯ޠ

ͷม࣌, ͜ͷҙຯ༧ଌϕΫτϧ ymeant Λ༻͍

ͯ, word2vecʹΑͬͯ࡞͞Εͨ୯ޠϕΫτϧू߹

V ͷதͰ, ࠷ cosྨࣅ͕͍ߴͷΛ֘୯ޠͱ͠

ͯԠจΛग़ྗ͢Δ. ͜͜Ͱ, ኮΛޠ 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, Ԡจੜ

Λֶश͢Δσʔληοτҟͳ͍ͬͯͯߏΘͳ͍

ͷͰ, ຊڀݚͰ Twitter Ͱऩूͨ͠ରίʔύε

ͱ, ຊޠWikipedia͔ࣄهΒ࡞ͨ͠σʔληοτ

Λ༻ҙͨ͠. ͦΕͧΕ, దͳࣜܗʹޙͨ͠ܗʹ,

MeCab [6]Λ༻͍ͨܗଶૉղੳʹΑΔ͔ͪॻ͖Λ

.ͳ͍ͬͯΔߦ

5.1 Twitterରίʔύε

ຊڀݚͰऀੑରཤྺΛྀ͠ߟͳ͍ͨΊ,

Twitter͔Βද̍ͷΑ͏ͳຊޠͷ Tweet/Replyͷ

ϖΞΛूΊͨ 36ສϖΞ (72ສൃ)Ͱରίʔύε

Λ࡞ͨ͠. ͨͩ͠, ը૾ URLΛൃͭ࣋ΛؚΉ

ϖΞ, վߦʹΑΔෳจΛ༻͍ͨπΠʔτ, ඇެ։π

Πʔτ༻͠ͳ͍.

5.2 word2vecֶशʹ༻͍ΔςΩετσʔλ

word2vecͷֶशʹ, ऩूͨ͠ରίʔύεʹՃ

͑, ຊޠͷWikipediaશࣄه 3GΛ༻͍ͨ. ͜Ε

ΒσʔληοτΛ༻͍ͯword2vecΛֶशͤͨ͞ޙʹ,

TwitterରίʔύεΛରֶशʹ༻͍͍ͯΔ.

6 ݧ࣮

6.1 ݅ݧ࣮

word2vec ʹΑΔ୯ޠͷࢄදݩ࣍ݱ dword =

128,ग़ݱճ͕ 10ճҎԼͷ୯ޠআ֎͠, 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 >ͱจΛࣔ͢< EOS >

 word2vecͰ୯ޠͱֶͯ͠श͠, RNN Decoderʹ

ΑΔԠจੜ࣌ʹ < GO >Λ࠷ॳͷ୯ޠͱͯ͠

ೖྗ͠, < EOS >͕ग़ྗ͞ΕΔ·ͰԠΛੜͯ͠

͍Δ. ·ͨ, cosྨࣅ͕ 0.5ҎԼ, ·ͨ̍ͭલͷग़

ͷ࣌ྗ cosྨࣅͷ 60ˋҎԼͷ߹আ͘ͱ͍ͬͨ

ॲཧΛͨͬߦ.

6.2 ओ؍ධՁ

,ց༁ͷλεΫͳͲͰػ ෦తͳ୯ྻޠͷҰக

ͰείΞΛ͢ࢉܭΔ BLEU [8] ͕ධՁʹ༻͍ΒΕ

Δ. ͔͠͠, BLEUʹΑΔධՁͱਓखʹΑΔධՁʹࠩ

ҟ͕͋Δ߹͕ࢦఠ͞Ε͍ͯΔ [9]. ྫ͑, ӳޠͱϑ

ϥϯεޠͳͲจ๏తߏ͕͍ͯࣅΔؒޠݴͷ༁λ

εΫͳͲͰਓखධՁͱ͍͕ۙ, ӳޠͱຊޠͳͲจ

๏తߏ͕͍ͯࣅͳ͍ؒޠݴͷ༁λεΫͰࠩҟ

͕ൃੜ͢Δ. ຊڀݚͰѻ͍ͬͯΔࡶஊγεςϜͰ,

ೖྗจͱग़ྗจ༷ʑͳΈ߹Θ͕ͤ͑ߟΒΕ, ΑΓ

ෳࡶͳλεΫͱͳ͍ͬͯΔͨΊ, ಉ༷ʹ BLEUධՁ

ͱਓखධՁʹࠩҟ͕ੜ·ΕΔ͜ͱ͕͑ߟΒΕΔ. ͦ

͜Ͱ, ຊڀݚͰ, ҎԼʹࣔ̎ͭ͢ͷධՁࢦඪΛ࡞

ͨ͠.

- 170 -日本音響学会講演論文集 2018年3月



Fig. 3 ఏҊख๏Ϟσϧ

Table 1 Tweet/ReplyϖΞͷྫ

Tweet Reply

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

͕ΜΕ ʂ ͏ͪ  Εࡲۺ ͷ ͳ͔ ுΔؤ স ுͬؤ ͨ Α (;_;)

͍͍ ɻ ͍͚ ΊΜ Ͱ͢ Ͷʔ () ಡΈ ײ Μͺ ͳ͍ ɺ

• దੑ : ೖྗจʹԠ, ·ͨཧղ͍ͯ͠Δͱ͡ײ

Δ͔Ͳ͏͔

• ଟ༷ੑ : ଟ༷ͳฦ͕͍ͯ͑ߦΔ͔Ͳ͏͔

ଟ༷ੑʹ͍ͭͯ, ͨΓোΓͷͳ͍૬ͳͲͰͳ

͘, ͦͷձಛ༗ͷฦΛ͍ͯ͑ߦΔ͔ΛධՁج४ͱ

͍ͯ͠Δ. దੑʹؔͯ͠ओ؍ධՁʢ5: ͱͯྑ

͍, 4: ྑ͍, 3: ී௨, 2: ѱ͍, 1: ͱͯѱ͍ʣ, ଟ

༷ੑʹؔͯ͠ʢ5: ໘ന͍, 4: ໘ന͍ ຢ ؾ

͕ར͍͍ͯΔ, 3: ී௨ (Ұൠత: ͨΓোΓ͕ͳ͍),

2: ໘ന͘ͳ͍ ຢ ,ར͍͍ͯͳ͍͕ؾ 1: ໘ന

͘ͳ͍ʣΛ༻͍ͨ. Twitter͔Βऩू͠, ֶशʹ༻͍

ͳ͔ͬͨ 46จͰԠจੜΛ͍ߦ, ͦΕͧΕͷੜ

จʹ֤ؔͯ͠ධՁʹ͍ͭͯෳͷධՁऀʹΑΔ̑ஈ

֊ධՁΛͨͬߦ.

6.3 ߟՌɾ݁ݧ࣮

Fig.4ʹ࣮݁ݧՌͷൺֱΛࣔ͢. ͦ,ͯؔ͠ʹඪࢦ֤

ΕͧΕͷධՁΛฏ݁ͨ͠ۉՌΛ͍ࣔͯ͠Δ. one-hot

දݱΛ༻͍ͨैདྷख๏ͱൺͯ,ఏҊख๏, ଟ༷ੑ

.Δ͜ͱ͕֬ೝͰ͖Δ্͍͕ͯ͠ one-hotදݱͰ

,ΛॲཧͰ͖Δ͔Βޠͳ͔ͬͨྨྀ͍ٛͯ͠ߟ ద

ੑͷظ্͕͞Ε͕ͨ, ΄ͱΜͲ͕ࠩΈΒΕࡍ࣮

ͳ͔ͬͨ. ͔͠͠, Twitter͔ΒબΜͩೖྗจʢϢʔ

βൃʣͷҙຯ͕͔Βͳ͍ͷͩͱ, దੑͷஅ

͕͔ͬͨ͠ͱ͍͏ҙݟ͋Γ, 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, ୯ྻޠʹ͓͚Δ֤୯ޠͷੜ֬ͷੵ

ϏʔϜαʔν͏ߦͳΔΑ͏ੜΛ͘ߴ͕ [10] ͷӨڹ

͑ߟΒΕΔͷͰ, ਫ਼͕ࠪඞཁͰ͋Δ. ੜ͞ΕͨԠ

จͷྫΛද̎ʹࣔ͢. ͜͜Ͱ, ʮΨΠϧʯ, ʮμʔ

εɾϕΠμʔʯͱ͍͏୯ޠࠓճͷֶशσʔλதʹ

ؚ·Ε͓ͯΒͣ, ैདྷख๏ͰͲͪΒ < unk >ͱ

ͯ͠ॲཧ͞Ε͓ͯΓ, Ԡ͕มԽ͍ͯ͠ͳ͍͕, ఏҊ

ख๏ͰͦΕͧΕผͷϕΫτϧʹม͞Ε͓ͯΓ, Ԡ

จมԽ͍ͯ͠Δ͜ͱ͕֬ೝͰ͖Δ.
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Table 2 Ԡจੜྫ

ೖྗจ ੜจ

ॳΊ·ͯ͠ʙ͓͠·͠ΐ͏ (ఏҊख๏)͑͑Αʂ

(ैདྷख๏)͋Γ͕ͱ͏͍͟͝·͢ ( ʅ˲ʆ )

ྑ͍ͯͩ͘͘͠͞ʂ (ఏҊख๏)΄ΜͳΒɺԿͯݺͼ·͠ΐʁ

(ैདྷख๏)ͳΜͯݺΜͰ͍ͩ͘͞ ( ʅ˲ʆ )

ΨΠϧ͍ڧΑͶ (ఏҊख๏)ຊʹ...?

(ैདྷख๏)ͦ͏ͩͬͨ (ʉ - ʉ )

μʔεɾϕΠμʔ͍ڧΑͶ (ఏҊख๏)ຊʹʂʂʂ

(ैདྷख๏)ͦ͏ͩͬͨ (ʉ - ʉ )

7 ͓ΘΓʹ

ຊߘͰ, ୯ޠͷࢄදݱΛೖग़ྗʹ༻͍ͯԠจ

Λੜ͢Δख๏ʹ͍ͭͯݕ౼Λͨͬߦ. ैདྷͷ one-

hotදݱʹΑΔԠจੜΑΓ, ଟ༷ੑͷ͋Δฦ

.Δ͜ͱΛࣔͨ͑͠ߦ͕ ঢ়ͷϞσϧͰݱ,͔͠͠ cos

,ͷΛग़ྗͱ͓ͯ͠Γ͍ߴ࠷ͷࣅྨ one-hotද

͋ʹϞσϧͰ༻͍ΒΕ͍ͯΔΑ͏ͳϏʔϜαʔνݱ

ͨΔॲཧ͕ߦΘΕ͓ͯΒͣ, จ๏తޡΓͷଟ͍Ԡจ

Λੜ͢Δ͜ͱଟ͔ͬͨ. ·ͨ, ग़ྗੜ࣌ʹ, ର

ίʔύεʹݱΕͳ͔ͬͨ୯͕ޠग़ͨ͠ݱͱͯ͠

จશମͰݟΔͱҙຯ͕ෆ໌ྎͳͷͱͳΔ͜ͱ͕ଟ

͔ͬͨ. ޙࠓ seqGAN [11] ͦͷଞͷޠݴϞσϧ

ͷ༻Λݕ౼͠, ਫ਼্Λ͍ͨ͠ࢦ. ·ͨ, σʔ

ληοτʹ༻͍ͨ TwitterίʔύεϊΠζͷଟ͍

ͷͰ͋ΔͷͰ, ਖ਼ղσʔλͱྨ͍ͯ͠ࣅΔͱ͡ײΔ

Α͏ͳੜจͰ, ѱ͍ධՁͱͳΔ͜ͱ͕͋ͬͨ. ࠓ

,ޙ ΑΓϊΠζ͕গͳ͘, ରཤྺྀߟͰ͖ΔΑ

͏ͳෳλʔϯձͷσʔληοτ͑ߟΔඞཁ͕

͋Δ.

ँࣙ

ຊڀݚͷҰ෦ɼJSPSՊݚඅ JP17K00236ͷࢧԉ

Λड͚ͨͷͰ͋Δ

ݙจߟࢀ

[1] O. Vinyals and Q. Le, “A neural conversational

model,” ICML Deep Learning Workshop, 2015.

[2] L. Shang et al., “Neural responding machine for

short-text conversation,” Proc. of ACL 2015,
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